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ABSTRACT

For re-entry risk analysis the on-ground fragment swath
of impacting debris objects is commonly approximated
by a Gaussian distribution around the centre of impact
window. However, the observed impact distributions
show a positive skewness in along-track direction.

Here, we present enhanced tools for visualising simulated
and observed on-ground distributions by connecting re-
entry prediction and risk assessment tools to geographic
information systems (GIS) with underlying models for
spatial data, e.g., for the global population density. For
a given re-entry prediction scenario these tools can pro-
vide, e.g., the probability for land impact, estimates for
global casualty and fatality risks, and the corresponding
risk figures for specific areas. The viability of these tools
is demonstrated through processing a test set of histor-
ical re-entry events. In a second step, in order to im-
prove the local casualty risk estimate, we analyse model
candidates for an analytical approximation of skewed on-
ground distributions. Suitable candidates are integrated
into the visualisation tools for comparison with the clas-
sical Gaussian-based prediction, aiming to improve the
quality in the estimation of the on-ground casualty risk.

Key words: re-entry; casualty analysis: on-ground-
distribution.

1. INTRODUCTION

Since 1957 as of 2013 nearly 4950 launches have placed
around 6710 satellites into orbit, together with rocket
bodies, and mission-related objects into orbit. Slightly
above 55 % of the latter objects are still in orbit [6]. Typ-
ically, one larger object re-enters into the deeper atmo-
sphere every week. Re-entering space debris is a matter
of large public interest, but also has political and legal
aspects as it may impose a risk to humans on-ground.
Predicting the re-entry of space objects requires a sound
knowledge of the characteristics of the space object pop-
ulation and an adequate orbit determination and propaga-
tion capability that accounts for the relevant perturbing

forces, especially of the air drag during the last phase of
re-entering into the atmosphere. Modelling the air drag
requires an effective model of the present atmospheric
conditions beside the fragmentation state of the satellite
and its current aerodynamic properties, hence air density
distribution combined with prevailing wind fields. The
analysis of past re-entry events has proven that the re-
entry prediction capabilities with ESA’s DISCOS [6] and
the software tools in use at ESA’s Space Debris Office (in
particular the re-entry propagator FOCUS-2 [16]) enable
an operational service for re-entry event prediction and
risk assessment.

1.1. Aim of Research Project

In this research project we aimed to extend the opera-
tional software in two aspects: First, we headed for an
extended visualisation of data output including a graph-
ical environment for scalable two dimensional, optional
three dimensional representations and animations.
Second, as observations suggested that the on-ground
fragment distribution may not be adequately described by
a Gaussian distribution [17] we tried to identify a selec-
tion of suitable candidates based on observed and sim-
ulated data sets for an extended development version of
our re-entry software tools.

2. VISUALISATION OF GROUND TRACK DATA
AND PREDICTIONS

2.1. Method: Integration of Geographic Informa-
tion System

Software for re-entry prediction rely on an informative
visualisation of the produced data output, i.e. the lo-
cal probability of fragment impact depending on latitude,
longitude and altitude. In its most plain form, this re-
quires the access to global population density maps and
plotting tools.
For improved visualising we created a python interface
to the Geographic Resources Analysis Support System,
abbreviated GRASS, a geographic information system
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(GIS) of the Open Source Geospatial Foundation (OS-
Geo) [10]. GRASS provides access to basic and advanced
GIS functionality (geographic projection, area calcula-
tion, etc) as well as access to visualisation modules for
three-dimensional raster and point data by OpenGL inte-
gration via its plugin NVIZ.
Details on the implementation and compatibility of
GRASS with other software libraries like R are discussed
in [19]. For details on the programme package and its
installation see the documentation in [10]. GRASS 6.4.2
was used in this project.

2.1.1. Programme organisation

GRASS is organised in locations and their subsidiary
mapsets. A location contains at least the information on
geospatial mapping as well as a main mapset PERMA-
NENT, in which the central maps are stored that can be
accessed from all further mapsets in the location.
For our project we defined the projection to geographic
latitude-longitude covering the entire globe. PERMA-
NENT contained the global raster maps we used for risk
assessment, amongst these maps were a global popu-
lation density map, a national identifier grid, and spe-
cial supranational identifier grids (Europe, ESA-member
states, etc), see figure 2 for examples. All raster maps in
use were free-available raster-data sets, with a minimal
resolution of 2.5′. Gridded Population of the World [11]
provided the global population density map in its data
collection ’Population Density Grid’, version 3 (1990,
1995, 2000), and the ’National Identifier Grid’, version
3. The latter provided information on the location of na-
tions, which formed the basis of the derived supranational
identifier maps.
As Gridded Population of the World has a reduced geo-
graphical range of {−58.0◦S; 85.0◦N}, we derived bi-
nary maps based on the global maps of Natural Earth
[18] for determining land coverage.
In the simplest case, the user of our extension module
has to create a new mapset by calling a python script for
each new re-entry event. So far we provided python inter-
face scripts for output files of FOCUS-2 and the DRAMA
module SESAM. For a standard-call of the script the user
has to pass location and name of the corresponding data
files and to choose a name for the mapset to be created.
A call of the extension module generates vector maps of
the ground track, i.e. the 2 σ swath across and along
track, a vector map of the impact ellipsoid, and a three-
dimensional vector map of the re-entry trajectory acces-
sible via NVIZ. All maps are loaded in the created mapset
as active maps to be accessible in the wxpython GUI of
GRASS. In section 2.2 we provided a casualty risk vector
map as an example.
If the user demands more accustomed maps, extensions
and changes can be arranged in the sources of the de-
velopment level as indicated in figure 1. Minor changes
to the python script can be done solely in python, while
development of runtime-demanding routines should in-
clude a precompilation with cython for performance rea-
sons (translating e.g. python loops to c-loops [4]). How-
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Figure 1. Simplified flow chart of programme suite imple-
mentation divided in development area and user space.

ever, performance of intersecting vector and raster data
in GRASS itself is not affected significantly. For this
reason we calculated areas and distances with the C++-
library GeoGraphic-Lib [15] outside of GRASS. A sim-
plified flow-chart of the implementation details is shown
in figure 1.

2.2. Visualisation Results

In this subsection we show an example map for risk vi-
sualisation. In figure 3 a casualty map was projected as a
transparent overlay on the population density map. Casu-
alty risk was colour-coded along and cross track. In this
example, cross-track resolution was discretised in twelve
risk levels as shown in figures 3 and 4. The user can adapt
the desired discretisation individually.

3. FITTING OF ON-GROUND-DISTRIBUTIONS

Apart form the Columbia accident retrieval [1], detailed
data sets of on-ground distribution of space debris are
either rare, or are accessible only under restrictions, or
are simply limited to a low number of fragments, e.g. in
the case of the re-entry of Skylab [8, 23] 15 object posi-
tions were reported and in the case of Sputnik IV, 4 frag-
ments were recorded with location [20]. Moreover, for
these few objects, information on the fragments was also
incomplete. In the above mentioned cases only the ap-
proximated location was recorded, while data on mass
or ballistic coefficients β are not available (here β =
mass/effective cross sectional area). These low numbers
do not allow a reliable statistical analysis, beyond the cal-
culation of a median and a measure of dispersion in the
best case. Estimates of skewness or kurtosis of a distri-
bution need at least a sample size of thirty [9, 5].



Figure 2. Example mapset: (top) maps from mapset PER-
MANENT, left binary map of Europe, right population
density map; (bottom): national identifier grid together
with overlay of a re-entry trajectory vector map in black
from RENFOT; global maps based on [11].

Figure 3. Casualty probability as determined by FOCUS-
2 projected on population density map for the test sce-
nario. The image shows the enlarged tracks of the last
two revolutions before the predicted impact. Colour cod-
ing of fatality risk ranges from grey over yellow to dark
magenta for highest encountered risk. Population density
appears as grey below one inhabitant per square kilome-
tre; population density increasing over blue, green, yel-
low, orange, red to magenta.
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Figure 4. Details on cross-track probability distribution:
each field represents a certain threshold of the highest
value at along-track position ranging from 10 - 95% of
the maximum value.

Figure 5. Distribution of recorded Skylab fragments: re-
ported location of fragments plotted in red were projected
over the population density map of Australia. The first
red dot from the left marks the assumed position of solar
panel debris.[8, 23, 11]
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Figure 6. Distribution of Skylab retrieved fragments on
land: histogram of along-track fragment distribution as
reported in [8, 23].

3.1. Data sets for candidate evaluation

3.1.1. Observed re-entries

As data sets for observed re-entry events are rare, we re-
strict ourselves to the re-entry of Skylab in 1979 [8, 23].
The individual fragment locations and a histogram of
fragment positioning along track are shown in figures 5
and 6. This small data set already reveals a characteris-
tic of on-ground fragment distributions: The distribution
was strongly skewed. Objects with high area to mass ra-
tio, hence small ballistic coefficients, mark the beginning
of the footprint due to aerodynamic reasons [2].

3.1.2. Simulated re-entries

For the simulation of a re-entering generic satellite we
used RENFOT [3] a new developed software based on the
modules SESAM and ESESAM of DRAMA [7] with a de-
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Figure 7. Simulated fragment distribution with RENFOT
[3].
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Figure 8. Density estimates for fitting: the origin of
the density distribution estimate was shifted to the first
bin to ensure non-negative x-range, there the fragments
with lowest mass to area ratio are located. The graphic
shows the kernel density estimate of the probability den-
sity function (p.d.f) of the distribution (Gaussian kernel)
with overlay of a classic histogram based on the same
binwidth; the half of the inter-quartile range (an estimate
of the dispersion) is used as unit scale. Calculation was
performed with R-package ’kernSmooth’. This estimate
is used for fitting model candidates.

fault break-up simulation at an altitude of 95 km for solar
panels and 78 km for the main body. For aerodynamic
simulations randomly tumbling objects are assumed. A
cross-track dispersion was induced here by the break-up
process.
In this way the impact positions of several thousand indi-
vidual fragments can be determined together with their
physical properties as ballistic coefficients. Based on
these simulations we tried to identify a suitable estimate
of the density distribution. For histogram representation
of the distribution we determined the binwidth using the
algorithm proposed by Wand in [24] based on kernel den-
sity estimation. The resulting estimated distribution is
shown in figure 8 both as histogram and kernel density
estimation. In the next subsection we present the results
of a simulated re-entry. In figure 9 we show a plot of
the ballistic coefficients of the fragments to illustrate the
orientation of our histogram data with respect to the foot-
print.
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Figure 9. Ballistic coefficients of the fragment distribu-
tion in km-grid of the RENFOT/SESAM simulation.

Table 1. Selected measures for deviation from the Gaus-
sian assumption of on-ground fragment distribution. Val-
ues shown for data from Skylab and a RENFOT simula-
tion.

test data set mean-median skewness kurtosis

Skylab 2.8 n.a. (2.5) n.a. (11.1)

Sim DRAMA 0.2 0.7 3.3

3.1.3. Qualitative characteristics of on-ground-
distribution

The following characteristics were derived from the ob-
served and simulated on-ground fragment distributions:
the distribution of fragments is skewed with the frag-
ments of small area to mass ratios or high ballistic co-
efficients in the right tail in along-track direction, as il-
lustrated in table 1 for a RENFOT simulated distribution.
Fragments with high ballistic coefficients typically in-
clude those of a high mass and therefore a high fatality
index, see figure 10 for the product of fatality index and
combined cross section, a quantity that may serve as a
measure for fragment fatality. Hence, fragments with a
high fatality can be expected in this tail of the distribu-
tion.

Please note, for the Skylab data we did not take into ac-
count the projected footprint position of debris on the
ocean; only actually retrieved fragments were used for
calculation [23, 20].
Positive difference of mean and median as well as the
positive skewness are measures for a positively-skewed
distribution. The observed kurtosis greater than 3 indi-
cated heavier tails than a Gaussian distribution [9]. Skew-
ness and kurtosis of the Skylab data set were not applica-
ble (n.a.) as stated before.

In the following section we selected suitable model can-
didates.



 0

 2

 4

 6

 8

 10

 12

 14

 16

 0  2  4  6  8  10  12

fa
ta

lit
y
 i
n

d
e

x
 t

im
e

s
 e

ff
. 

c
ro

s
s
 s

e
c
ti
o

n
 [

m
2
]

position on ground track [IQR/2]

Figure 10. Estimating the fatality risk of fragments: fatal-
ity index times cross section area was plotted. Fragments
with a high fatality risk were present in the tail. (data
from RENFOT simulation).

3.2. Statistical analysis

For analysis of the on-ground distribution we followed
these individual steps:

(i) projection of latitude-longitude on-ground distribu-
tion on the Cartesian-km-grid,

(ii) fitting of on-ground distribution with a polynomial
up to order three,

(iii) setting of position of first bin of histogram as origin,

(iv) determining five-number summary (quartiles, in-
terquartile range, and range) and first central mo-
ments (i.e. expectation value, variance, skewness,
kurtosis) of mass and fragment distribution, and

(v) fitting of distribution candidates to the histogram
data (initial values for model parameters were set to
match moments or five-number summary of distri-
bution).

Statistical analysis of the on-ground distribution was per-
formed with the software package R [12]. R offers a plu-
gin for GRASS called spgrass6.

3.2.1. Test candidates for on-ground distribution of
fragments

In order to identify suitable candidates, we defined the
following selection criteria based on the data proper-
ties described in the previous sections: The distribu-
tion should have (i) support on the semi-infinite inter-
val [0,∞), should be (ii) positively skewed and ideally
should also be (iii) analytically differentiable, have (iv)
analytical moments, and a (v) low number of parameters.

The first test candidates included these distribution,
which have a maximum number of two parameters:

 0

 0.05

 0.1

 0.15

 0.2

 0.25

 0.3

 0.35

-2  0  2  4  6  8  10  12

d
e

n
s
it
y
 e

s
ti
m

a
ti
o

n

position on ground track [IQR/2]

k.d.e.
histogram
Gaussian

Figure 11. Fitted Gaussian distribution.
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Figure 12. Fitted Log-Normal distribution.

Gaussian f(x;σ, µ) = (σ
√
2π)−1e−

(x−µ)2

2σ2 (1)

Log-normal f(x;σ, µ) = (σ
√
2π)−1 e−

(ln x−µ)2

2σ2 , (2)

x ≥ 0; σ ≥ 0; µ ∈ R

Raygleigh f(x;σ) = xσ−2e−x2/2σ2

, (3)

x ≥ 0; σ > 0

Gamma f(x; k, θ) = θ−kΓ(k)
−1

xk−1e−
x
θ , (4)

x > 0; k, θ > 0.

Parameters of the distributions to fit were estimated using
Huber’s-M -estimator [13].

3.3. Fitting Results

The result of the parameter fitting of the test candidates
are presented in figures 11 to 14.

3.4. Goodness of fit: model discrimination

For evaluating goodness of fit we performed a sequence
of statistical tests, including the Shapiro-Wilk test of
normality, Kolomogorov-Smirnov, and the Anderson-
Darling test [5, 21, 22]. These broad spectrum tests tend
to accept the null hypothesis (a match of the proposed
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Figure 13. Fitted Rayleigh distribution.
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Figure 14. Fitted Gamma distribution.

distribution with the histogram) for similar distributions
- a result to be expected for a low number of data points
as described by Breiman in [5]. Therefore, we followed
Breiman’s procedure to locate significant deviations from
the proposed distributions, as visualised by the residuals,
which are plotted in figures 15 –18. We aimed for a good
representation of the tails of the on-ground distribution as
the tail-region corresponds to the region of smallest area
to mass ratio, hence approximately to the region of high-
est kinetic energy of the fragments. In that respect the
residuals of Rayleigh, log-normal and gamma distribu-
tion were much more promising compared to the Gaus-
sian distribution, while fitting of the central part of the
distribution was performed slightly better by the Gaus-
sian. The parameter sets of log-normal, Rayleigh and
Gaussian distribution had to be extended by an additional
scaling parameter of total height for acceptable fitting re-
sults, while the gamma distribution did not depend on
that.
Summarising, none of the here presented distribution
candidates demonstrated a remarkable quality of match-
ing the observed and simulated distributions. The gamma
distribution generated the best trade-off in fitting the cen-
tral parts and the tails of the distribution for our test sce-
narios in combination with residuals that showed almost
an equal ratio of components above and below zero.
These preliminary results suggested that an on-ground
distribution generated by a complex fragment distribution
and an interaction with the atmospheric environment may
be beyond the scope of a simple unimodal distribution.
We considered this in more detail in the next section.
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Figure 15. Residuals of Gaussian fit; best fit of central
region.
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Figure 16. Residuals of Log-normal fit; residuals show
an expressed dependency on location.
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Figure 17. Residuals of Rayleigh fit; best fit of steep lead-
ing tail and tail but problems around maximum.
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Figure 18. Residuals of Gamma fit; almost same amount
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3.5. Theoretical considerations

In the current section, we related our empirical consider-
ations of the previous section to a theoretical concept to
estimate the on-ground fragment distribution.
We illustrated this concept in a simple example: As a
start, we hypothesised an exponential atmosphere. We
presumed that the main source of fragment spread was
due to fluctuations (e.g. solar flux, wind fields) of air
density and could be expressed in a random distribution
of the scale height H0. The fluctuations H ′ of the scale
height should follow a Gaussian distribution G(H ′) with
zero mean. With these basic assumptions the probability
density distribution (p.d.f) of the air density can be shown
to be log-normally distributed up to first order:

fatmo(ρ) = ρ0 · exp (−z/(H0 +G(H ′)))
.
= ρ0 · exp (−z/H0) exp (z/H

2
0 ·G(H ′))

.
= ρ(z) exp (a ·G(H ′)), (5)

with a := z/H2

0
and ρ(z) := ρ0 · exp (−z/H0) as

the undisturbed exponential density relation and with ρ0
as the air density at sea level under standard conditions.
Transforming the random variable via exp(·) and apply-
ing the chain rule led to

fatmo(ρ)
.
= ρ(z) ·G

(

ln(H ′)/a
)

·

∣

∣

∣

∣

dH ′

d(exp (aG(H ′))

∣

∣

∣

∣

.
= ρ(z) ·G

(

ln(H ′)/a
)

·

∣

∣1/(aH ′)
∣

∣ (6)

The density is contained as a multiplicative factor in
the equations of motion, here written for the along track
acceleration component of a non-tumbling spheric body
subject only to air drag

d2

dt
x = fatmo(ρ(z(t))) · cD/(2 · β) · v2x(t) (7)

= G (ln(H ′)/a) · |1/(aH ′)| · adet(x, t;β)
with β as the ballistic coefficient and cD as the drag
coefficient. Therefore, solving the system of differen-
tial equations for the trajectory we could conclude that
the on-ground distribution for a fixed ballistic coefficient
should also produce a log-normal distribution on ground
around location x

fgr
atmo(x) = G

(

ln(H ′)/a
)

·

∣

∣1/(aH ′)
∣

∣

· tdet(x, β),(8)

with tdet(x, β) as the deterministic trajectory for a fixed
ballistic coefficient β. Moreover, we know that a certain
ballistic coefficient would lead to a certain deterministic
impact location x′ if and only if no spread occurred due
to atmospheric influences. Yet, in a fragmentation event
also a distribution of fragments of varying ballistic coef-
ficients fβ is created.
As the number of small particles with a high area to mass
ratio (i.e. low ballistic coefficient) can be expected to
be much larger than particles with higher ballistic coef-
fcients we assumed an effective exponential on-ground
distribution of fragments of a certain ballistic coefficient
fgr
β (x′) at location x′:

fgr
β (x′) :=

{

Nβ
0
exp ((x′ − x0)/D0), if x′ < x0

0 if x′ ≥ x0

with Nβ
0

as largest number of fragments of the cut-off
ballistic coefficient of the set, and D0 as distance scale;
x0 implies the along-track position of the smallest en-
countered ballistic coefficient. This distribution would
represent the expected on-ground distribution without
any atmospheric disturbances.
Hence, the final distribution of the on-ground fragments
should result from the effective interaction of by both dis-
tributions:

fgr
sum(x) =

∫

+∞

−∞

fgr
atmo(x;x = x′) · fgr

β (x′)dx′. (9)

Other fluctuation terms such as continuing fragmentation
were neglected.

The distribution fgr
atmo maps a fragment that would be

mapped deterministically[2] at position x with a proba-
bility of fgr

atmo(x
′, x)dx′ to a position in the interval dx

around x. The influence of the effective atmospheric den-
sity function can now be interpreted as a ’point spread
function’ ( see for example the textbook [14]) of the oth-
erwise deterministic re-entry trajectory. In a more general
case, the effective atmospheric spread function would in-
clude locally varying parameters like wind fields.
Combining these assumptions the on-ground distribution
fgr
sum(x) can be interpreted as a convolution of the dis-

tribution of the deterministic ballistic coefficient distri-
bution and the atmospheric spread distribution. Fourier
transformed this leads to a simple multiplication:

FT (fgr
sum(x)) = FT (fgr

β (x)) · FT (fgr
atmo(x)) (10)

FT (fgr
atmo(x)) = FT (fgr

sum(x))/FT (fgr

β (x)) (11)

In the presented example we made a forward calculation
for a given fgr

atmo and determined the resulting on-ground
distribution fgr

sum(x). However, we could also aim for the
inverse: It is possible to determine fgr

atmo(x) for given
distributions of the ballistic coefficient fgr

β and the ob-

served on-ground distribution of fragments fgr
sum(x) by

inverse convolution.
Performing Monte-Carlo simulations under varying spe-
cific atmospheric conditions as e.g. stratospheric wind
fields we could produce on-ground distributions for these
situations and for arbitrary distributions of the ballistic
coefficient. As simulated on-ground distribution and bal-
listic coefficient would be known, atmospheric spread
could be determined. We now aim for identifying at-
mospheric point spread functions fatmo(x; p) for a set of
varying parameters i.e. conditions based on Monte-Carlo
simulations or in other words a classification of typical
atmospheric point spread or transfer functions.

4. CONCLUSIONS AND OUTLOOK

With the interface to GRASS, we provided an exten-
sion module for enhanced visualisation of the output of
FOCUS-2 and DRAMA/RENFOT in 2 and 3 dimensions.
Furthermore, our investigations of possible candidates for
on-ground fragment distributions lead to identifying the



gamma distribution as promising for fitting both broad
spectrum and tails; we plan to examine these results in
further simulations under varying conditions. Our first
steps towards a description of the atmospheric effects as
a point spread function will be continued.
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