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Μελέτη νηματοειδών δομών στο 
μοριακό νέφος του Ταύρου

Το  διαστημικό  τηλεσκόπιο  Herschel  απεικόνισε  τη  συνεχή  ακτινοβολία  της  σκόνης  στην
μεσοαστρική  ύλη  με  απαράμιλλη  λεπτομέρεια.  Μελέτες  των  εικόνων  του   Herschel
αποκάλυψαν  μία  περίπλοκη  δομή  στα  μεσοαστρικά  νέφη.  Με  τη  χρήση  αλγορίθμων
ανάλυσης της τοπολογίας των εικόνων μοριακών νεφών, έχουν ανιχνευτεί πολλές επιμήκεις
δομές της πυκνότητας. Κατά μήκος αυτών, έχουν βρεθεί μέγιστα στην πυκνότητα (πυρήνες).
Το γεγονός οτι στους πυρήνες αυτούς δημιουργούνται πρωτοαστέρες, συνδυαζόμενο με τα
προαναφερθέντα  ευρήματα,  οδήγησε  σε  μία  στροφή  της  κατανόησής  μας  για  την
αστρογέννεση. Σύμφωνα με την νέα αυτή εξήγηση, τα μοριακά νέφη 'σπάνε'  σχηματίζοντας
νηματοειδείς δομές, οι οποίες με τη σειρά τους δημιουργούν σαν θραύσματα τους πυρήνες. Οι
νηματοειδείς   δομές, επομένως, θεωρούνται ως το πρώτο στάδιο της δημιουργίας άστρων.
Στην  παρούσα  εργασία,  μελετήσαμε  νηματοειδείς   δομές,  τόσο  στη  συνολική  ένταση
ακτινοβολίας (όπως στα δεδομένα από το Herschel), όσο και σε ταχύτητα κατά μήκος της
ευθείας  παρατήρησης.  Για  το  σκοπό  αυτό,  χρησιμοποιήσαμε  δεδομένα  της  γραμμικής
εκπομπής του ισοτόπου 13CO από το μοριακό  νέφος του Ταύρου. Η μελέτη μας αποτελεί την
μεγαλύτερη σε επιφάνεια (100 τετραγωνικές μοίρες) έρευνα νηματοειδών δομών στον χώρο
θέσης-θέσης-ταχύτητας.  Χρησιμοποιήσαμε  το  εργαλείο  τοπολογικής  ανάλυσης  που
εφαρμόστηκε  σε  πολλές  μελέτες  του  Herschel,  το  πρόγραμμα  DisPerSe.  Επιπλέον
επεξεργαστήκαμε τα  αποτελέσματα του προγράμματος έτσι  ώστε  να  περιλαμβάνουν:  (α)
έναν  πιο  συγκεκριμένο  ορισμό  για  τις  νηματοειδείς  δομές  (λόγο  μήκους  προς  πλάτος
τουλάχιστον 3:1, δομές με διατομές έντασης που παρουσιάζουν κορυφή στον κύριο άξονά
τους), (β) μελέτες διαφορετικών ταχυτήτων. Τα αποτελέσματά μας δεν είναι αναπάντεχα:
ενώ το DisPerSe ανιχνεύει έναν 'ιστό' εκατοντάδων νηματοειδών δομών, μόνο 5 από αυτές
συμφωνούν με τα απλά κριτήρια που ορίσαμε.  Επιπλέον,  βρίσκουμε μια ευρεία κατανομή
πλατους διατομής με κορυφή στα 0.4-0.5 pc, σε αντίθεση με την πολύ στενή κατανομή της
ανάλυσης δεδομένων του Herschel, που παρουσιάζει ένα χαρακτηριστικό πλάτος στο 0.1 pc.
Οι δομές που ανιχνεύουμε παρουσιάζουν μεγάλη περιπλοκότητα σε ταχύτητες. Ακόμα κι αν
είναι  κυλινδρικές  δομές  σήμερα,  η  διασπορά  ταχυτήτων  κατά  μήκος  της  ευθείας
παρατήρησης  υπονοεί  οτι  το  σχήμα  τους  δεν  μπορεί  να  διατηρηθεί  ούτε  για  έναν
χαρακτηριστικό  χρόνο  κατάρρευσης.  Συγκρίναμε  τα  αποτελέσματά μας  με  αποτελέσματα
από  προσομοιωμένους  χάρτες  που  περιελάμβαναν  μόνο  πυρήνες  σε  τυχαίες  θέσεις  και
επεξεργάστηκαν  με  τον  ίδιο  τρόπο.  Διαπιστώσαμε  οτι  φαινομενικές  νηματοειδείς  δομές
ανιχνεύονται σε αυτές τις  εικόνες και  οτι  παρουσιάζουν παρόμοια χαρακτηριστικά με τις
δομές σε εικόνες από το CO και από το Herschel. Τα αποτελέσματα αυτά δείχνουν οτι πρέπει
η  ερμηνεία  της  φύσης  των  νηματοειδών  δομών  σε  χάρτες  του  Herschel  να  γίνεται  με
προσοχή.
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Abstract: Herschel, the ESA/NASA submillimeter satellite, imaged the continuum dust emission
of the interstellar medium with unprecedented detail. Studies of Herschel images revealed a complex
structure for interstellar clouds. Topological-analysis tools applied on Herschel maps of molecular
clouds traced many elongated density enhancements (filaments), along which most of the density
peaks (cores) were found to lie. Since molecular cloud cores are the birthplaces of protostars, this
picture was taken to signify a paradigm shift in our understanding of star formation, with clouds
breaking up into filaments first, and then cores forming within those filaments. Filaments have thus
been viewed as the first stage of star formation. In this thesis, we have undertaken a study of such
filamentary structures not only in integrated intensity (as in the Herschel data) but also in line-of-sight
velocity, using 13CO line emission data in the nearby Taurus molecular cloud. Our study consti-
tutes the largest area (∼ 100 deg2) analyzed for filamentary structures in position-position-velocity
space. We have used the topological analysis tool employed in many Herschel studies, the DisPerSe
software. However, in addition, we have post-processed our results to include: (a) a more strict defi-
nition of filaments (at least 3:1 aspect ratio and structures with cross-section density profiles peaked
on the spine of the filament); (b) studies of different velocity components. Our results are surpris-
ing: although DisPerSe identifies, as in Herschel maps, an intricate “spider web” of hundreds of
filamentary structures, only 5 of them comply with our filament definition criteria. In addition, un-
like Herschel analyses, which find a characteristic width for their filaments of ∼ 0.1 pc, we find a
much broader distribution in profile widths in our structures, with a wide peak at much higher val-
ues (0.4-0.5 pc). The filaments that do survive have a complicated velocity structure, with different
parts of the filaments being grouped at different velocities. Even if these filaments are cylindrical
today, the velocity dispersion along the line of sight implies that their shape would not be retained
even for one free fall time. We have compared our results with those obtained from simulated maps
consisting only of randomly placed “cores” plus noise, using the same methodology (DisPerSe + post-
processing). Apparent filaments can also be traced in such maps, and they have similar profile shapes
with the Herschel and 13CO filaments, while most cores do get included in the filaments. These re-
sults indicate that care has to be applied when interpreting the nature of filaments in Herschel maps.
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Chapter 1

Introduction

Stars form in cold, dense, molecular clouds in the interstellar medium (ISM). The initial conditions of
star formation remain unclear, so studies of the structure of parent clouds are of utmost importance.
The physics of these regions is complex, and descriptions of cloud structure and evolution remain
incomplete and require continued exploration.

A notable property of molecular clouds is the variety of environmental conditions by which they are
characterized. They appear in sizes between a few and a few tens of parsecs with masses 103−106 M�.
The temperatures in these clouds are typically 10K. At these temperatures, the H2 molecule has no
observable emission, so the bulk of molecular clouds is, essentially, invisible. Therefore, probes of
physical conditions in molecular clouds rely on trace constituents, such as dust particles and molecules
other than H2. Dust particles absorb light at short wavelengths (ultraviolet to near-infrared) and emit
continuous radiation at longer wavelengths (far-infrared to millimeter). Trace molecules are collisionally
excited and emit in their rotational transitions at millimeter or submillimeter wavelengths. Different
molecules trace regions of different density inside the cloud according to their chemical properties. Dust
particles are situated throughout the cloud, therefore their emission comes from everywhere inside it.
The most abundant molecule after H2 is carbon monoxide (12C16O) and it is the most common tracer of
molecular gas. Observations of line emission, mainly by CO, have revealed large linewidths (supersonic)
that imply that the medium is turbulent throughout the cloud.

Within these dark clouds reside regions of higher density, referred to as cores. Low-mass (1−10 M�)
dense cores, which are the birthplace of many of the stars in our Galaxy, have an average density of
≈ 104 cm−3 and size of approximately a few tenths of a parsec. These cores appear to be detached from
the turbulence of their parent cloud, and are characterized by very small internal velocity dispersions
of approximately a few tenths of a kilometer per second. Within the cores, the line width is constant,
leading to the conclusion that cores are velocity coherent structures [Goodman et al., 1998]. Their
radial density profile follows a power law that flattens at the center and is well approximated by a
Plummer-like function

ρ(r) =
ρc

[1 + (r/Rflat)2]p/2
, (1.1)

where r is the distance from the center, Rflat is the extent of the area in which the density is approx-
imately uniform, ρc the central density and p is the power law slope at large values of r [Plummer,
1911, Whitworth and Ward-Thompson, 2001].

Recently, the Herschel Space Observatory has provided high sensitivity infrared images of the cold
ISM in spatial scales from 10 pc down to 0.1 pc. We summarize the main results of these images.
First of all, these observations of nearby molecular clouds show the ubiquitous existence of elongated
overdensity structures with aspect ratios (length to width fractions) of 5-10, named filaments. Figure
1.1 shows the filamentary network identified in the column density map of the Pipe Nebula. This map
is derived from the dust continuum emission observed by Herschel. Second, filaments found in Herschel
dust maps have radial density profiles similar to those of cores. An example of the mean cross section
of a filament found in the Taurus molecular cloud is depicted in figure 1.2. The mean profile is colored
in red and blue (extending south and north of the filament). The yellow error bars show the 1σ scatter
of radial profiles along the filament. Third, Herschel filaments appear to have a universal characteristic
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width [Arzoumanian et al., 2011]. Figure 1.3 shows the distribution of FWHM widths for a sample of
90 filaments in 3 different clouds. This distribution has a median of 0.10 pc and a standard deviation
of 0.03 pc [Arzoumanian et al., 2011]. Finally, it has been found that most cores are situated along
filaments [Men’shchikov et al., 2010, André et al., 2010] and preferentially inside the densest filaments
identified with Herschel.

In light of the Herschel results on the ubiquity of filaments, it has been argued ([André et al.,
2013]) that filaments may constitute the first stage of the star formation process. According to this
idea, suggested as a new paradigm of star formation, filaments form first inside the parent molecular
cloud, and then break up into cores, where ultimately protostars appear.

Figure 1.1: Herschel column density map of the Pipe Nebula with overlaid filaments in red, white and
cyan lines [Peretto et al., 2012].

Herschel continuum data have the disadvantage that they contain no line-of-sight velocity infor-
mation, and as such may connect in projection structures that are separated by significant distances
in three dimensions. Such concerns may be addressed only through studies of molecular line emission
maps, which, in addition to integrated intensity, can also reveal separate line-of-sight velocity compo-
nents. Hacar et al. [2013], studied the line emission of C18O,N2H+ and SO in the well known filament
L1495/B213 in the Taurus molecular cloud. They found that this filament is comprised of a multitude
of velocity coherent sub-structures with typical lengths of 0.5 pc and aspect ratios larger than 3. Hacar
et al. [2013] concluded that Herschel filaments may actually be bundles of intertwined velocity coherent
sub-filaments.

The scope of this project is to identify and study filamentary structures in the largest area of the
Taurus molecular cloud studied to date, in molecular line emission. A study of this size can allow
statistical characterization of filaments in position-position-velocity space. In this work, we use 13CO
data in the form of a (x,y,v) cube of the Taurus molecular cloud as observed with the 13.7 m FCRAO
telescope [Narayanan et al., 2008]. The map covers an area of ≈ 100 deg2 corresponding to a region 28
pc by 21 pc. The FWHM beam width of the telescope is 47” at 115 GHz. The angular spacing (pixel
size) of the re-sampled on the fly data is 20” [Goldsmith et al., 2008], which corresponds to a physical
scale of ≈ 0.014 pc at the distance of the Taurus cloud (140 pc). There are 76 velocity channels in
the 13CO data cube. The width of a velocity channel is Vch = 0.266 km/s. The data integrated in the
velocity range of 2-9 km/s is shown in figure 1.4.

The outline of this thesis is as follows: In chapter 2 we present the main algorithms used for the
analysis. In chapter 3 we describe the main results of the analysis of structures in the velocity-integrated
map. In chapter 4 we show the results of the analysis in separate regions of the integrated map. In
chapters 5 and 6 we examine the properties of the filamentary structures found in the integrated data
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Figure 1.2: Mean radial column density profile observed perpendicular to the main filament in the
Taurus molecular cloud, displayed in log-log format (red and blue lines for profiles that extend south
and north of the structure). The yellow area shows the (1σ) dispersion of the distribution of radial
profiles along the filament. The inner solid purple curve shows the effective beam size. The dashed
black curve shows the best-fit Plummer model described by equation 1.1 with p = 2.0 ± 0.4 and
Rflat = 0.03 ± 0.01. The dashed curve in light green shows a Gaussian fit to the central part of the
profile Palmeirim et al. [2013]

and their velocity structure. Then, in chapter 7 we present a simple simulation indicating that attention
must be payed to projection effects as they may influence the conclusions one is lead to regarding the
nature of filamentary structures. Finally, in chapter 8 we provide a summary of the basic conclusions
of this project and discuss future work on the subject.
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Figure 1.3: Distribution of FWHM widths of 90 filaments found in column density maps of 3 molecular
clouds (orange). This distribution has a median of 0.10 pc and a standard deviation of 0.03 pc
[Arzoumanian et al., 2011]

Figure 1.4: Antenna temperature of the 13CO J = 1 → 0 transition integrated over a velocity range
of 2-9 km/s [Goldsmith et al., 2008]
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Chapter 2

Algorithms

In this chapter we describe the main algorithms used in the project. In section 2.1 we describe the
DisPerSe software, which is a topological code that we use to identify filamentary structures in the
CO integrated emission map. Then, in section 2.2 we present the post processing algorithms we
developed for the quality control of the structures returned by DisPerSe. Finally, in 2.3 we discuss the
ROBOSPECT software package used to fit the spectra in the 13CO data cube and identify the 13CO
J = 1→ 0 line at different velocities.

2.1 The DisPerSe software

The DisPerSe (Discrete Persistent Structures Extractor) software is designed to identify topological
features of multidimensional surfaces [Sousbie, 2013]. It is specifically developed to extract the salient
edges of a density field, which, in the context of astrophysics and cosmology, are referred to as fila-
mentary structures. Its main goal is to be applied to trace the web-like pattern of galaxies (cosmic
web) both in cosmological simulations and redshift catalogs. However, it has also been widely used for
filamentary structure extraction from Herschel images in recent publications.

2.1.1 Basic concepts and terminology

DisPerSe extracts the topological skeletons1 of the principal curvature functions2 of a surface, such as
the one shown in figure 2.1. The extraction method is based on discrete Morse Theory. Morse Theory
allows for the computation of the topology of a discretized function without referring to its curvature
derivatives which are sensitive to noise.

(a) 2D scalar field (b) Gradient with critical points (c) Topological skeleton

Figure 2.1: A simple 2D scalar function. Critical points are depicted as dots. Minima are shown in
blue, maxima in red, saddles in yellow. The red and blue lines are the (ascending and descending) arcs
of the skeleton [Weinkauf and Günther, 2009]

1A topological skeleton can be defined as the smallest possible set of lines that preserve the topology and are equidistant
to the borders of a given shape.

2Principal curvatures measure how the surface bends by different amounts in different directions at a given point on
the surface.
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Topology and Morse Theory

The gradient and its flow are the key notions concerning topology. At every point of a surface, the
gradient has a direction. Lines that follow that direction (tangent to the gradient) are referred to as
integral, or field lines. Points at which the gradient vanishes are called critical points (see figure 2.1
(b)) and are classified into 3 types in the case of a 2D function:

• Minima, or critical points of order 0, are points from which all field lines move away.

• Maxima, critical points of order 2, are points to which all field lines converge.

• Saddle points, critical points of order 1, are a mixture of the preceding two.

The basic capability of Morse theory is to analyze the topological features of a surface by use of its
geometry. It provides mathematically well defined equivalents of astrophysical quantities of interest,
such as the salient features of the cosmic web. Morse theory uses smooth functions with critical points
that can be classified in the aforementioned distinct way. This theory specifies a segmentation of the
domain into regions of similar flow behavior. A region in which all field lines have a common origin
(minimum) is an ascending manifold. Conversely, a region whose field lines share their destination
(maximum) is a descending manifold. The set of a function’s ascending or descending manifolds is
the Morse complex. Examples of a function and its Morse complexes are shown in figure 2.2. The
Morse-Smale complex is the set of intersections of ascending and descending manifolds of a function
as shown in the bottom left panel of figure 2.2.

Figure 2.2: Top left: A 2D function with its gradient and critical points. Top right: Morse com-
plex of ascending manifolds. Bottom left: Morse complex of descending manifolds. Bottom right:
Morse-Smale complex. The purple region is the intersection of a pair of 2D ascending and descending
manifolds [Sousbie, 2013].

Lines connecting critical points at the boundaries of the Morse-Smale complex cells are the arcs that
constitute the function’s topological skeleton. In other words, they are a superset of the filamentary
structures that concern astrophysical datasets.

Morse theory is defined for smooth, twice differentiable real valued functions. However, since
typical astrophysical data sets do not fulfill these criteria, it is the adaptation of this theory for
discrete functions, namely Discrete Morse Theory, that is used by DisPerSe.

The concepts explained above have their discrete analogs. The main one is the Discrete Morse
Complex (DMC) which is the counterpart of the Morse-Smale Complex seen previously. The Discrete
Morse complex links the local geometry and topology of a function together, with no concern of
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determining the significance of topological features. Therefore, a simplification3 of this complex is
necessary to determine the dominant features within the data. This is where the concepts of persistence
and separatrix persistence (or robustness) become relevant.

Persistence

In the Morse-Smale complex, critical points of different order can be paired to create a set of persistence
pairs. Persistence is a measure to quantify the significance of a topological feature. It represents
the absolute difference of the intensity value between the two critical points in a persistence pair.
Persistence is always positive and represents the importance of the topological feature defined by the
persistence pair: low persistence pairs are sensitive to changes in the value of the function, and the
corresponding critical points are easily destroyed, even by the introduction of noise in the function,
while high persistence pairs are robust. Removing low persistence pairs from the Morse-Smale complex
is a way to filter noise and non-meaningful structures, see figure 2.3.

Figure 2.3: Simplification of topological skeleton using persistence. Left: function before simplification.
Right: function after simplification. The diagram under each function represents its Morse-Smale
complex and persistence pairs [Sousbie, 2013].

Robustness

(a) (b) (c) (d)

Figure 2.4: Robustness threshold increasing towards the right. Linear structures entirely below that
level vanish. Ones partly above remain [Weinkauf and Günther, 2009].

3Topological simplification is the modification of a function or space so that its less significant topological features are
removed.
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Robustness is a local measure of how contrasted the critical points and ‘filaments’4 are with respect
to their background. In a sense, robustness is a continuous version of persistence which extends to
‘filaments’ (persistence applies to pairs of critical points only). Robustness assigns an importance
weight to each point along a ‘filament’. It respects that the importance of a feature may smoothly
change along the line, see figure 2.4.

2.1.2 Software and usage

The DisPerSe software uses the mathematical tools explained in section 2.1.1 to extract structures from
intensity/density maps. Skeleton files can be post-processed by DisPerSe in several ways. Options
include smoothing over a number of pixels, assembling arcs and trimming for robustness. The results
of using these options are analyzed in appendix B.

It is important to note that there is no absolute measure of the ‘goodness’ of a skeleton.
The parameters persistence and robustness provide an essential, yet insufficient tool for evaluating the
accuracy of the algorithm’s result. It is clear that the introduction of these thresholds intrinsically aids
the proper detection of significant features. However, in the case of an intensity map with structures of
various emission strengths, a selection of high robustness causes true features in less intense regions to
be discarded. Given the lack of an established, rigorous method, the search for an appropriate skeleton
is, largely, subjective. In this project, we choose to resolve this issue by performing a parameter study
of different combinations for persistence, robustness and assembling of arcs for all of our images.

2.2 Extracting properties of structures within the DisPerSe skele-
tons

In this section, we present the post processing algorithm we created for this project. As explained
in section 2.1, the DisPerSe software identifies elongated intensity structures in images. Having a
mathematically accurate map of these structures is of paramount importance for studies as our own.
With this information in hand, it is possible to investigate the properties of the structures in the Taurus
molecular cloud, such as width, length and kinematics.

Analysis of the direct output of DisPerSe has shown, however, that the ‘filaments’ found by this
algorithm are not always acceptable astrophysical filaments but may exhibit a number of undesirable
properties (e.g. breaks). Thus, we developed a secondary analysis to filter the output skeleton and
redefine its structures. The algorithms that do this are described in sections 2.2.1 and 2.2.2. In order
to precisely define what is meant by the term ‘filament’, we adopt a different terminology than that
used in the DisPerSe software. We refer to arcs comprising the skeleton as bones and we use the
term filaments only for structures that survive our algorithm quality checks. These require that the
intensity profiles of cuts perpendicular to the structure are centrally peaked. Furthermore, they expect
the structure to be continuous and discernible from background diffuse emission. Finally, filaments are
expected to have an aspect ratio (length to width ratio) typical of an elongated form.

First, we study the 2 dimensional widths and lengths of bones in images of integrated intensity
along velocity channels of our data. These properties were extracted by using the profile fitting and
filtering, as well as the re-defining bones algorithms explained in sections 2.2.1 and 2.2.2. Then, we
move on to understand the kinematic properties of filamentary structures, presented in chapter 6.

2.2.1 Profile fitting and filtering algorithm

An interesting insight into the structure of the skeleton’s bones can be provided by looking at its cross-
sections (or 1 dimensional radial intensity profiles) at different points along its length. A standard
approach is to study the mean radial profile of the structure (the average of all profiles along it).

4In the terminology of DisPerSe, a filament is a set of two arcs originating from a given saddle point and joining two
maxima together. These are a superset of the structures that constitute astrophysical filaments.
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In the Herschel dust continuum data, it has been found [Arzoumanian et al., 2011] that the form
of the column density profile follows a Plummer function

Σp(r) = Σc
ρcRflat

[1 + (r/Rflat)2]
p−1
2

, (2.1)

with p =2, where ρc is the central density and Rflat the characteristic radius of the inner flat portion
of the profile. However, we use a Gaussian function for the ease of the fitting process. The FWHM
relates directly to Rflat as

FWHM ≈ 3Rflat. (2.2)

A graphical representation of this can be seen in figure 2.5, where the red dashed line is a Gaussian
with FWHM equal to three times the Rflat of the Plummer function (cyan line).

We do not use a simple method of finding the width at half maximum to define the width of a
profile, as this has many caveats. For example, the profile shown in figure 2.6 has no point on it
that coincides with the half max value. It follows from examples like this, that a way to model the
structure’s cross-section in a way that is independent of its neighboring structures is needed.

Figure 2.5: Plummer function with Rflat = 2 (cyan), and fitted Gaussians. Black Gaussian is fitted to
the whole range of radii whereas the red gaussian fits central points.

In this study, we choose to fit all profiles along a bone individually, in addition to the commonly
used mean profile in order to examine the variation of the width along the filament. The process of
‘cutting’ bones into cross-sections and fitting Gaussians to them is done by the algorithm described in
this section. An overview of the algorithm is shown in the flow chart of figure 2.7.

First, a skeleton found by DisPerSe is provided as input. To find the pixels along the direction
perpendicular to the filament at each sampling point we follow the following procedure. Each bone is
divided into a list of line segments connecting its sampling points. At each sampling point, the segment
connecting it to the previous one is used to find a perpendicular segment.

Points on the perpendicular profile (with coordinates [xp, yp]) will satisfy the equations of the line
passing through the perpendicular segment (with known tangent tan f and sampling point coordinates
xsp, ysp) and a circle centered at the bone’s sampling point [xsp, ysp] with a given radius R:

(xp − xsp)2 − (yp − ysp)2 = R

yp = tan f · (xp − xsp) + ysp.
(2.3)

By iterating over different radii R, the coordinates of the points that make up the profile of a cross-
section of the bone are found. As the coordinates of the points on a profile are known, the image data
can be read and the intensity profile is created. To this a Gaussian function is fitted5.

5by using the function optimize.leastsq of the python library SciPy [Jones et al., 2001].
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The extent of the profile, in other words the maximum radius R, is a free parameter. We saw that
altering this extent affects the fitted function’s resulting parameters significantly. More specifically,
we discovered that we can not use a simple Gaussian fit to each profile, because as figure 2.5 shows, a
Gaussian fitted to the whole profile tends to miss the central part completely. So, we have to fit only
the central part of the profile, which results in the red dashed line in the same plot. However, as we
don’t know the width of the filaments present in our data, we have to create an approach that handles
this lack of knowledge and the diversity of the structures as automatically and well as possible.

Thus, the algorithm performs what we call ‘dynamical fitting’. Beginning from a constant given
profile extent (2R), it fits Gaussians recursively, to smaller and smaller radii, removing two pixels on
each side of the profile. It stops at a given extent, P, that we assume as minimal for bone widths (20
pixes for our data, corresponding to 0.28 pc).

Figure 2.6: Profile of bone in a test case (see appendix A) with no point at half max value.

After dynamical fitting, we obtain about twenty fits for a certain profile. The result of the dynamical
fitting process is used to test whether a profile is ‘acceptable’. If the profile is smoothly peaked, the
fits should be clustered around the shape of the profile. This means that the mode of the FWHM
distribution of the fits will be the one closest to reality. Otherwise, if the profile is one-sided, flat etc,
the frequency of the mode should be 1, meaning no fit looks like the others. Examples of profiles with
these undesirable shapes are shown in figure 2.8 and are not uncommon in DisPerSe skeletons. Due to
this, it is essential to establish a set of criteria that can allow us to automatically distinguish between
profiles that can be accepted as parts of real structures and those that cannot. An example of a profile
that can be accepted as part of a real filamentary structure is shown in figure 2.9. We can not trust
standard goodness of fit measures, such as χ2

red, to determine the acceptability of a profile, because of
the peculiarity of profile shapes.

The calculation of the mode frequency alone is not always sufficient for the distinction of a profile as
acceptable. There are many cases where the profile is in no way similar to a smooth peak, but the fits
converge for a small number of iterations. An example is shown in figure A.15 where data points are
depicted as dots and black dashed lines are the Gaussian fits that result from the process of dynamical
fitting. The points used for the last fit are colored blue, and the line in cyan is the corresponding fit.
In this case, the fitted Gaussians have converged to a neighboring structure and the distribution of the
FWHMs of the fits exhibit a clear peak.

The criteria used to determine the quality of the profile are:

• The frequency of the mode of the distribution of FWHMs must be larger than unity, i.e. the
profile must have at least one peak.

• The fit corresponding to the mode of FWHMs must have a mean within 5 pixels of the bone’s
central axis, i.e. the profile is centrally peaked.
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Figure 2.7: Flow chart description of profiling algorithm. P is the inner extent of profiles in dynamical
fitting. c is equal to 5 pixels.

• The difference of the peak intensity of the last fit from the intensity value of the lowest point in
the profile must be larger than the noise level.

The background (or noise) level is defined only as a rough estimate, based on the numbers given in
Goldsmith et al. [2008], section 26.

Finally, there are cases of bimodal distributions of FWHM such as that in figure 2.10. In this case,
the wider FWHM will be assigned to the particular profile. In similar cases, if the principal mode
of the distribution corresponds to a fit that is not centrally peaked, then the profile will be wrongly
discarded. Therefore, we give profiles not satisfying the three criteria one more chance. The profile is
set to the test once more but with the second maximum of the FWHM distribution regarded as the
correct one. All profiles that satisfy the above three conditions (on the first or the second chance)
are saved and the mode of FWHMs (of every profile) is assigned as the width of the bone at that
cross-section.

2.2.2 Re-defining bones

The next step is to use the information obtained by the profiling process to re-define the bone structures.
Because DisPerSe tends to connect structures that are not necessarily a whole (see chapter 7), we need
a way to distinguish which bones are really an entity and which are not. The question is, how does
one define if something is an entity? We choose this definition: A bone is a single entity if along its
entire central axis, its cross-sections are what we defined to be acceptable. So if along a bone there
are gaps (e.g. profiles there were not peaked) the bone is not a single cylinder-like structure.

We use the algorithm shown schematically in figure 2.11 to re-define bones according to this defi-
nition. We use a tolerance for non existent consecutive profiles equal to 2. This means that whenever
a bone has more than two consecutive bad cross-sections, it is split in two new bones7. The output of
the algorithm is a list of bones.

6For 13CO, the mean rms antenna temperature is equal to 0.125 K in channels of 0.27 km/s.
7This is a rather conservative approach, to ensure that in case there is a problem with the fitting due to some

unexpected effect, a filament will not be cut without reason.
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(a) Inside noise level. (b) On the side of a real structure.

(c) On the side of a real structure. (d) Distribution of FWHMs from dynamical fitting of pro-
file c.

Figure 2.8: Examples of profiles at points on DisPerSe bones that cannot be part of a true filament.

Which of these structures are filaments? Filaments should be elongated structures, i.e. have a large
length to width ratio. Again conservatively, we set the limit of this ratio to 3. This criterion is the
last step in deciding whether our bone structures can be called ‘filaments’. When this is answered, we
can examine statistical properties such as width and length distributions and intensity variations along
the axis of a filament. Once real filaments have been identified, we study their kinematic properties
by analyzing the spectrum at each pixel of the filament. The algorithm we use for this analysis is
described in section 2.3.
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(a) A good profile. (b) Distribution of FWHMs from dynamical fitting of pro-
file on the left.

Figure 2.9: Example of profiles that are acceptable as part of a true filament.

(a) (b)

Figure 2.10: Profile with bimodal distribution of FWHM.
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Figure 2.11: Flow chart description of definition of new filaments.
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2.3 ROBOSPECT - identification of different velocity components

To study the kinematics of the filaments identified in our data, we use the open source software
package ROBOSPECT. ROBOSPECT is a program designed to automatically measure and deblend
line equivalent widths in spectra [Waters and Hollek, 2013]. It has been previously used in emission
spectra of the Orion Nebula, among others. ROBOSPECT fits a model spectrum to the input data
with minimum user interaction.

The program assumes that all spectra are comprised of three components: the continuum level,
C(λ), the lines relative to that continuum, L(λ), and an error component containing the deviation
between the true spectrum and the model, E(λ). The program accepts two types of spectra, namely
continuum normalized (CN) and flux calibrated (FC) spectra. For continuum normalized spectra
(which is the type we are interested in) where the mean input continuum is unity, the model of the
final spectrum follows the equation:

SCN (λ) = C(λ) · [L(λ) + 1 + E(λ)] (2.4)

Using the input spectrum as the expected final spectrum solution, equation 2.4 is solved for the
continuum component. Knowledge of the continuum permits subtraction of the current line model from
the data, based on previous iterations of the fitting routine. For the initial iteration, no knowledge
of the correct line solution is present, and so the continuum level is expected to be slightly biased
by strong lines. However, this bias decreases with further iterations. For a continuum normalized
spectrum, a rescaling of the individual line measurements is made, to match the possibly imperfect
input spectrum continuum normalization:

CCN (λ) = fC · [Sinput(λ)− C(λ) · L(λ)] (2.5)

where fC is by default a median boxcar attempting to model a smooth continuum. The equation for
the noise solution is:

ECN (λ) = fE · {[Sinput(λ)/C(λ)]− L(λ)− 1} (2.6)

where fE attempts to model the noise from which the error component is drawn. Finally, a line solution
model is constructed according to equation 2.7.

LCN (λ) = fL · {[Sinput(λ)/C(λ)]− 1} (2.7)

where fL is a function representing the fitting process used for each line. There are a number of options
concerning line profile shape.

For a given spectrum, the program outputs a list of fitted lines and a model spectrum. For each
line values for the following fitted parameters are given: mean, width (Gaussian σ), flux, equivalent
width, errors in these values, χ2 of fit, quality of fit flags and deblend group. Our spectra are already
in velocity space, so the mean is the velocity we seek to extract. Note that our spectra consist of the
same line, viewed at different velocities due to Doppler shift.
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Chapter 3

Analysis of the Taurus cloud map -
Integrated emission

In this chapter we present the results of the analysis of the 13CO emission map, integrated over the
velocity range 0.25 - 9.8 km/s [Goldsmith et al., 2008], displayed in figure 3.1. We run DisPerSe
directly on this data, to extract the topological skeleton. As explained in chapter 2.1, there is no single
skeleton for a data set. The parameters persistence, robustness and assemble need to be adjusted
and the acceptability of a skeleton is largely in the eye of the beholder. Being unable to identify an
appropriate threshold in advance, we performed a parameter study and analyzed various skeletons.
The resulting distributions from the different choices of parameters were similar, so we present only
one representative skeleton of the 13CO map. Figure 3.2 shows the 13CO velocity integrated emission
map over plotted with various colored segments: the ‘bones’ of the skeleton found by DisPerSe (a) and
of the profile filtering process (b).

Figure 3.1: Map of integrated 13CO emission in the range 0.25-9.8 km/s.

In the presented skeleton, the selected persistence and robustness thresholds are relatively high,
because otherwise the network is too complicated to assess. This choice aids the detection of elongated
structures in the most intense areas of the map. To ensure that we do not fail to find lower intensity
filaments because of this, we isolate smaller regions of the map and process them individually. In this
way, structures in low intensity regions are more easily found. Analysis of the smaller regions follows
in chapter 4.

The first step of the analysis of the bones in the DisPerSe skeleton is to run them through the
profiling algorithm. Each cross-section of every bone is assigned a width (see chapter 2.2). The
distributions of median widths of all bones in the DisPerSe and post-processed skeletons are shown
in Figure 3.3 (a) and (b), respectively. A peak is clearly present at around 0.25 - 0.45 pc. The high
valued tail of the distribution is comprised by bones that are short. Figure 3.4 shows the FWHM
distributions of all cross-sections of all the bones in a skeleton (DisPerSe (a), post-processed (b)). The
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(a) DisPerSe skeleton (b) Profile filtered skeleton

Figure 3.2: 13CO integrated map overplotted with skeletons.

mean of the distribution of all cross-section widths of the pre-processed skeleton is at 0.4 pc with a
standard deviation of 0.4 pc and an interquartile range of 0.6 pc. That of the post-processed is at 0.5
pc with standard deviation 0.4 pc and interquartile range 0.4 pc.

(a) (b)

Figure 3.3: Distributions of mean FWHM of each bone in DisPerSe (a) and profile-defined skeleton
(b).

We plot in figure 3.5 the width versus length relations of all bones in the skeleton. Adopting a
very conservative approach, we define a structure with aspect ratio > 3:1 as filamentary (provided it
has passed all previous criteria). The red dashed and continuous lines denote aspect ratios of 1 and
3 respectively. Bones that pass the ratio threshold of 3 are colored in red. In the entire map, only
3 filaments are detected. Their properties are presented in chapter 5. It is evident both from this
diagram and the skeleton in figure 3.2, that most identified structures have small lengths, and a large
scatter in widths. These create the tail of the distributions in figure 3.4. Looking at longer structures,
we see that the scatter in widths is reduced, pointing out a preferential width of ≈ 0.4− 0.5 pc. These
widths are generally much larger than the “characteristic width” of Herschel filaments.
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(a) (b)

Figure 3.4: FWHM distributions of all cross-sections of all bones in DisPerSe (a) and profile-defined
skeleton (b).

Figure 3.5: Length relations. The red dashed and continuous lines denote apsect ratios of 1 and 3
respectively. Three structures qualify as filaments (red dots).
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Chapter 4

Sub-regions in the integrated map

In order to investigate both lower and high density areas of the map in more detail, we isolated 6 sub-
regions of the Taurus cloud and performed our filament-finding analysis on each of them (see figure
4.1). The selection of regions was based on those defined by Kirk et al. [2013] and done so as to aid
the analysis of areas of similar intensity.

An effort was made to create skeletons with as long structures as possible, in all regions. We choose
to be conservative in the selection of the persistence and robustness parameters of DisPerSe so as to
identify any filaments in the map, provided they exist. Assembling of skeleton bones was used in an
ample manner, for the same reason. This means that structures with low significance remain in the
skeleton, but these will be discarded by our post processing algorithm.

The results from each subregion are presented in the following sections.

Figure 4.1: Map of integrated 13CO emission in the range 0.25 - 9.8 km/s. Bordered by dark polygons
are the regions cut and analyzed individually.

4.1 Region N3

A very well-studied region of the cloud is the one shown in figure 4.2. Over plotted with various colors
are the bones of the skeleton found by DisPerSe (a) and of the profile filtering process (b).

The distribution of median FWHM of all bones in the DisPerSe skeleton, which can be seen in
figure 4.3 (a), has a flat shape for values up to ≈ 0.7 pc. In the new skeleton, figure 4.3 (b), there is
a small peak at ≈ 0.6 pc. Since most bones are short, as seen in figure 4.2 (b), no conclusion can be
drawn from this fact. More light is shed by looking at the distributions of the widths of all cross-section
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(a) (b)

Figure 4.2: Skeletons defined by DisPerSe (left) and profile-filtering algorithm (right) for region N3

profiles, in figure 4.4. These distributions are clearly peaked at ≈ 0.4 pc. The plot in figure 4.5 shows
that only one bone qualifies as a filament, the well-known L1495/B213 filament. This filament was
found partially in the skeleton of the entire map, but due to a small difference in the skeleton (owing to
a different choice of persistence and robustness), it appears slightly shorter there. All other structures
are small fragments of the initial skeleton.

(a) (b)

Figure 4.3: Distributions of mean FWHM of each bone in DisPerSe (a) and profile-defined skeleton
(b).
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(a) (b)

Figure 4.4: FWHM distributions of all profiles in DisPerSe (a) and profile-defined skeleton (b).

Figure 4.5: Length relations. The red dashed and continuous lines denote apsect ratios of 1 and 3
respectively. One structure qualifies as a filament (red dot).
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4.2 Region N2

North region number 2 can be seen in figure 4.6 with colored bones of the DisPerSe and profile-filtered
skeletons in panels (a) and (b) respectively. The distributions of median bone FWHM in this region,
figure 4.7, show that most bones are considerably wider than those in other regions. Profiles in general
(figure 4.8) have a peak in widths at ≈ 0.7 pc. This is about 1.5 times that of the other regions. None
of the structures have length to width ratios larger than 3 (figure 4.9).

(a) Skeleton defined by DisPerSe (b) Profile-defined skeleton

Figure 4.6: Skeletons for region N2.

(a) (b)

Figure 4.7: Distributions of mean FWHM of each bone in DisPerSe (a) and profile-defined skeleton
(b).
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(a) (b)

Figure 4.8: FWHM distributions of all profiles in DisPerSe (a) and profile-defined skeleton (b).

Figure 4.9: As in figure 4.5. No structure qualifies as a filament.
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4.3 Region N1

The last region, situated in the north west part of the cloud is region N1. Its skeletons are plotted over
the intensity map in figure 4.10. Figure 4.11 displays the distribution of median bone width for bones
in the DisPerSe (a) and filtered (b) skeleton. The distributions of individual profile FWHM belonging
to the two skeletons are shown in figures 4.12 (a) and (b) and are peaked at ≈ 0.3 pc, consistent with
most regions. No bone meets the criterion of aspect ratio larger than 3.

(a) Skeleton defined by DisPerSe (b) Profile-defined skeleton

Figure 4.10: Skeletons for region N1.

(a) (b)

Figure 4.11: Distributions of mean FWHM of each bone in DisPerSe (a) and profile-defined skeleton
(b).
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(a) (b)

Figure 4.12: FWHM distributions of all profiles in DisPerSe (a) and profile-defined skeleton (b).

Figure 4.13: As in figure 4.5. No structure qualifies as a filament.
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4.4 Region S3

Maps of region S3 over plotted with the skeletons is shown in figure 4.14. Distributions of the median
width of bones for both skeletons are plotted in figure 4.15. The distribution of FWHMs of all the
profiles in a skeleton are shown in figure 4.16. They are peaked at ≈ 0.4 pc, while median bone FWHMs
have a peak at ≈ 0.25 pc. This region has two bones that qualify as filaments, as seen in figure 4.17.
Their positions and properties are studied in section 5.

(a) Skeleton defined by DisPerSe (b) Profile-defined skeleton

Figure 4.14: S3 skeletons

(a) (b)

Figure 4.15: FWHM distributions for the two skeletons, DisPerSe (a), filtered (b)
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(a) (b)

Figure 4.16: FWHM distributions for the two skeletons, DisPerSe (a), filtered (b)

Figure 4.17: As in figure 4.5. Two structures qualify as filaments (red dots).
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4.5 Region S2

Region S2 is shown in figures 4.18 over plotted with the skeletons defined by DisPerSe (a) and the
profile filtering algorithm (b). The distributions of median FWHM of bones in the two skeletons can
be seen in figure 4.19. The distribution of individual profile FWHM is peaked at ≈ 0.45 pc (see figure
4.20). Plot 4.21 shows the width to length ratio of bones in the final skeleton. No bone qualifies as a
filament.

(a) Skeleton defined by DisPerSe (b) Profile-defined skeleton

Figure 4.18: S2 skeletons

(a) (b)

Figure 4.19: Distributions of mean FWHM of each bone in DisPerSe (a) and profile-defined skeleton
(b).
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(a) (b)

Figure 4.20: FWHM distributions of all profiles in DisPerSe (a) and profile-defined skeleton (b).

Figure 4.21: As in figure 4.5. No structure qualifies as a filament.
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4.6 Region S1

The southernmost region, S1, is shown in figures 4.22 over plotted with the skeletons defined by
DisPerSe (a) and the profile filtering algorithm (b). The distributions of median FWHM of bones in
the two skeletons can be seen in figure 4.23. Note that the distribution of individual profile FWHM is
peaked at a lower value than region N3, namely, ≈ 0.2 pc (see figure 4.24). Plot 4.25 shows the width
to length ratio of bones in the final skeleton. No bone qualifies as a filament.

(a) Skeleton defined by DisPerSe (b) Profile-defined skeleton

Figure 4.22: S1 skeletons

(a) (b)

Figure 4.23: Distributions of mean FWHM of each bone in DisPerSe (a) and profile-defined skeleton
(b).
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(a) (b)

Figure 4.24: FWHM distributions of all profiles in DisPerSe (a) and profile-defined skeleton (b).

Figure 4.25: As in figure 4.5. No structure qualifies as a filament.
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Chapter 5

Properties of identified filaments

In this chapter we present the properties of the 5 filaments detected in the 13CO integrated emission
map. Figure 5.1 shows the filaments over plotted on the intensity map with yellow color. Filament
L1495/B213, found in both the skeleton of the whole map and that of region N3, is shown as a result
of analysis of the latter.

Figure 5.1: All filaments found in the map.

The distribution of FWHM of all profiles included in filaments can be seen in figure 5.2. The
majority of profiles have a FWHM between 0.2 and 0.6 pc. The peak of the distribution is situated at
≈ 0.4 pc with a standard deviation of 0.18pc.

In figure 5.3 the features of filament 1 are shown. Panel (a) displays the mean profile of the
filament. Blue points are the values of all the profiles along the filament. Their mean is the green
line. Embedded plots in the upper left and right corners show the position of the filament in the map
and a zoomed-in version of its points plotted on the intensity data. Some profiles extended outside
the image. Pixels on outside image boundaries are assigned an intensity value of 0 K km/s. The noise
level is where the profile flattens out. Panel (b) exhibits the behavior of the intensity moving along the
filament backbone (ridge). All values are above the background noise level (1K·km/s) and have a peak
at about the middle of the filament. At this point, there is a wide over density, as seen in the upper
right corner of panel (a). Panel (c) shows the variation of FWHM along the ridge. Most profiles are in
the range 0.2 - 0.5 pc. The large scatter in the left part is due to inaccuracies in the fitting process (see
figure 5.4). In cases such as these, the mode of the FWHM distribution resulting from the dynamical
fitting process is the value of the thicker Gaussians of the image. It happens that the fits converge
twice and in both instances, the peak of the fits is centered within 5 pixels of the bone axis. Presently,
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Figure 5.2: Distribution of FWHM of all profiles included in the filaments.

the code cannot automatically distinguish and take care of these situations. Scatter towards the right
is due to the skeleton turning perpendicular to the initial direction, making cross-sections parallel to
the elongated structure seen in the intensity map.

Filament 2 is shown in figure 5.5. This is the most prominent structure in the entire map, the
L1495/B213 filament. Its mean profile (a) has a very well defined shape. Intensity along the ridge (b)
varies in a way that implies the existence of cores, with a continuous rise towards the right of the plot
(towards the north). The FWHM along its ridge shows a scatter of ≈ 0.2 pc. Its peaks and valleys
follow the variation of the intensity quite well.

The mean profile is plotted also in log-log space in figure 5.6. Apart from the mean profile which is
denoted by the green line, a gaussian (cyan) and a Plummer profile with p = 2 (red) are also shown.
The Plummer function is a good fit to our data, as is true with Herschel data [Arzoumanian et al.,
2011].

The characteristics of filament 3 are shown in figure 5.7. The intensity along the ridge (b) is not
far from the noise level, showing variations at places where there are blobs. These blobs are evident
in panel (c) as well, being the exception to an otherwise constant FWHM with median at 0.36 pc.

Filament 4 is very similar to filament 3 in intensity along the ridge. It is somewhat longer (1.7 pc)
and has a median width of 0.27 pc. The peak at the far right of the (c) diagram is due to the entrance
of the filament into a blob of intensity.

The last finding, filament 5, is slightly higher in intensity than the previous two. Its intensity
changes little over its length. However, its width varies considerably along the ridge, with a continuous
behavior.

The main conclusion from our results, is that filaments in the 13CO velocity integrated image of
the Taurus molecular cloud are rare. In the entire region of 100 deg2, only 5 structures that can be
characterized as filaments were identified. Furthermore, out of the set of filaments, only 1 has ridge
intensity significantly above the noise level. A second conclusion we reach is that the distribution of
widths along all structures is peaked at ≈ 0.4 pc, with a significant spread. This preferred width is
larger than that found in the Herschel dust continuum maps (0.1 pc). Note that the distribution of
mean widths of bones is in most cases entirely different than the distribution of all profile FWHM.
This shows that along a structure, the width might change significantly, and thus the definition of
a mean width can only serve for rough estimations and is not representative of the properties of the
whole structure.
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(a) (b) (c)

Figure 5.3: Mean profile of filament 1, (a). Intensity along ridge, (b). FWHM along ridge, (c).

Figure 5.4

Note that these filaments are structures in a 2D projection of the data. They are the result of the
integration of a position-position-velocity data cube. This fact is certain to have strong implications
on our perception of the existent (or not) structures. Structures present in velocity included data can
be suppressed due to addition of diffuse emission from different velocities. Also, filamentary structures
may appear as such in the integrated map only due to projection effects. For this reason, in the next
chapter we study the velocity structure of the filaments found in the integrated data.
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(a) (b) (c)

Figure 5.5: Mean profile of filament 2, (a). Intensity along ridge, (b). FWHM along ridge, (c).

Figure 5.6: Mean profile of filament 2 with logarithmic axes. The cyan line is the fitted gaussian while
the red line is the plummer profile with p =2.

(a) (b) (c)

Figure 5.7: Mean profile of filament 3, (a). Intensity along ridge, (b). FWHM along ridge, (c).
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(a) (b) (c)

Figure 5.8: Mean profile of filament 4, (a). Intensity along ridge, (b). FWHM along ridge, (c).

(a) (b) (c)

Figure 5.9: Mean profile of filament 5, (a). Intensity along ridge, (b). FWHM along ridge, (c).
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Chapter 6

Filament velocity structure

In this chapter we investigate the kinematics of the filamentary structures found in the integrated
emission map. Figure 6.1 shows some spectra of pixels situated in the N3 region. Spectra with
multiple velocity peaks are common. We use the ROBOSPECT software package to automatically
find model fits for the spectrum of each of the pixels in the entire Taurus map.

Figure 6.1: Intensity map of region N3 with spectra from 3 pixels on the main filament.

When velocity information is available, it is common practice to present the structure of filaments
in position-position-velocity (PPV) space. Caution must be taken in interpreting these results, as they
do not translate uniquely to 3D space [Beaumont et al., 2013].

Figures 6.2 and 6.3 show the velocity information of filament 1 in various ways. First, figure 6.2
presents the structure of the filament in PPV space. The x and y axes denote distances on the intensity
map in parsecs and the z axis denotes velocities in km/s. The spectra of pixels along the filament and
within twice its calculated median width are fitted with ROBOSPECT. Each dot represents the fitted
value of the mean of every line found in a spectrum. In this diagram, the existence of multiple velocity
components that comprise filament 1 is obvious. Two distinct groups of points can be identified,
scattered around 6, and 7 km/s.

Figure 6.3 (a) shows the line peak velocities of pixels along the ridge of the filament. Here too,
the two groups are evident. In the lower velocity group, the peak velocity changes smoothly along the
length of the filament. Finally, plot 6.3 (b) depicts the distribution of velocities of different components
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found in the region of the filament. The peak velocities of the different velocity components have
standard deviation σ = 0.5 km/s. This value is not related to individual linewidths, which are the
result of turbulent motions along the line-of-sight. It is the spread of the distribution of different
velocity components (peaks of lines at various velocities). In order to better understand the meaning
of the spread of the different velocity components, we use this number to make a rough estimate of
the evolution of the shape of this filamentary structure, assuming that it is initially equally thick in
the line-of-sight direction as the width found on the plane of the sky. We calculate the change in size
of its line-of-sight dimension implied by the velocity spread after t = 106 yr 1 and find it to be

∆Llos ≈ 2σt→ ∆Llos ≈ 1.1 pc,

approximately equal to the length of the initial cylinder.

Figure 6.2: Filament 1 in position-position-velocity space. Velocity coordinates are the peak values of
the ROBOSPECT fitted spectrum at each pixel.

Next we examine the velocity structure of filament 2 (B213/L1495). Its position-position-velocity
diagram shows a plethora of velocity components (figure 6.4), consistent with the findings of Hacar
et al. [2013] in C18O. The morphology of points in this diagram is very complex, with clumps of points
throughout. The left side of the plot corresponds to the north part of the filament, while the right to
the southeast. The spread in velocities tends to narrow towards the southeast. Figure 6.5 (a) shows
the velocities along the ridge of the filament. They change continuously in the range 5 - 7 km/s. The
distribution of velocities in all the width of the filament is seen in figure 6.5 (b). Points exist in a
wide velocity range of about 5 km/s. The peak velocities have standard deviation σ = 0.67 km/s.
Repeating the calculation for the change in size of the line-of-sight dimension of a cylindrical structure
after t = 106 yr, we find

∆Llos ≈ 1.4 pc.

This is approximately 5 times the projected on the sky width and 1/4 times the length.
Filament 3 has two main clusters of points in its PPV diagram (6.6) separated mostly spatially

rather than in the velocity axis. Velocity along the ridge changes continuously in what seem like two
peaks from 8.1 km/s to 7.4 km/s (see figure 6.7 (a)). Its distribution of peak velocity values is highly

1since this time is the absolute minimum time interval over which cores are expected to form. Note that the free fall
time for a spherical structure with number density n = 1000 cm−3 is 1Myr.
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(a) Peak velocity along the ridge. (b) Distribution of velocities within the entire filament.

Figure 6.3

clustered around 8 km/s. The standard deviation of velocities is σ = 0.19 km/s, which implies an
increase in the line-of-sight size of ∆Llos ≈ 0.4 pc, approximately equal to the median width, 0.45 pc.

Figure 6.8 depicts filament 4 in position-position-velocity space. Apart from a small gathering of
points in the right side of the plot at around 7 km/s, all other points are clustered around 8 km/s
and extend smoothly along the length of the filament. Figure 6.9 (a) shows the variation of velocities
along the ridge of filament 4. There is a continuous rising from 7.6 to 8.2 km/s with a small dip at the
end of the structure. The distribution of velocities is peaked around 8 km/s as seen in 6.9 (b). The
standard deviation of velocity components is σ = 0.22 km/s, corresponding to a line-of-sight increase
of ∆Llos ≈ 0.46 pc. Compared to the median width of the filament, 0.23 pc, this implies that the
structure will have a line-of-sight size of 0.7 pc after 1 Myr.

Finally, the structure of filament 5 in position-position-velocity space is shown in figure 6.10. The
structure changes continuously from 3.5 to 5.5 km/s. Along its ridge, the velocity presents some peaks,
spanning from 4 to 5.5 km/s (figure 6.11 (a)). The distribution of velocities is peaked around 4.8 km/s
as seen in figure 6.11 (b). The standard deviation of velocities is σ = 0.4 km/s corresponding to a
spread along the line-of-sight by ∆Llos ≈ 0.8 pc. The median sky projected width of the filament is
0.34 pc, while its length is 1.5 pc. Assuming that initially the structure was a prolate cylinder, its
line-of-sight width in 1 Myr will be equal to 1.14 pc, approximately 75% its length.

From these results, it is evident that filaments have complicated velocity structures. They are
comprised of various groups of points that are not necessarily velocity coherent. Faint filaments have
substantially less velocity components than the filament with high intensity, as expected since areas
with emission in many velocity channels appear brighter when integrated (added up). Moreover,
filament kinematics do not, in general, present a specific velocity pattern that could imply collapse,
rotation or shear along the line-of-sight. Calculations show that the velocity components in each
filament have a large enough spread that even if the filaments were to be cylinder-like structures they
would disperse in the line-of-sight dimension in one free-fall time.

The complexity of filament 2 in PPV space, including multiple clumps of points at various velocities,
shows no obvious signs of a rigid body motion. This leads us to ask whether it could be a result of the
existence of distinct cores along the line-of-sight. To investigate this idea, we present the results of a
simple simulation in the next chapter.
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Figure 6.4: Filament 2 in position-position-velocity space. Velocity coordinates are the peak values of
the ROBOSPECT fitted spectrum at each pixel.

(a) Peak velocity along the ridge. (b) Distribution of velocities within the entire filament.

Figure 6.5
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Figure 6.6: Filament 3 in position-position-velocity space. Velocity coordinates are the peak values of
the ROBOSPECT fitted spectrum at each pixel.

(a) Peak velocity along the ridge. (b) Distribution of velocities within the entire filament.

Figure 6.7
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Figure 6.8: Filament 4 in position-position-velocity space. Velocity coordinates are the peak values of
the ROBOSPECT fitted spectrum at each pixel.

(a) Peak velocity along the ridge. (b) Distribution of velocities within the entire filament.

Figure 6.9
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Figure 6.10: Filament 5 in position-position-velocity space. Velocity coordinates are the peak values
of the ROBOSPECT fitted spectrum at each pixel.

(a) Peak velocity along the ridge. (b) Distribution of velocities within the entire filament.

Figure 6.11
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Chapter 7

Cores in projection

Studies have found a large population of cores spread throughout the Taurus cloud [Qian et al., 2012].
This fact along with the clumped velocity structure of the main filament, lead us to pursue the idea
that projection effects might influence the observed properties of elongated structures in integrated
emission maps. In this chapter we generated intensity maps from a collection of cores placed randomly
in space and studied the parameters that determine whether filamentary structures appear to exist.
We also examined the properties of these structures in the maps that they existed.

The images have size 256x256 pixels. Figures 7.1 to 7.2 show the maps. Profile-filtered skeletons
based on DisPerSe skeletons of relatively low thresholds have been overplotted. The number of cores
is the same in all images (60). Cores have random positions and aspect ratios uniformly distributed in
the range [1,2]. Their radial profiles are well fitted by a plummer function with p = 2. Their central
intensities also vary in a small range [6.5,7.5].

(a) Cores with minor axis ≈ 8 pixels. (b) Cores with minor axis ≈ 10 pixels.

Figure 7.1

The parameter that changes from map to map is the minor axis of the cores Rmin, their minimum
width which is constant in a single map. Based on this, we calculate the surface filling fraction, defined
as

SFF =
πR2

min

Simage
.

The approach of keeping the number of cores constant and increasing the SFF by increasing the size
of the cores is equivalent to observing different regions of a cloud or of many clouds. This may limit
the aspect ratio of the apparent filaments though, since we can only capture wider and wider filaments
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(a) Cores with minor axis ≈ 12 pixels. (b) Cores with minor axis ≈ 14 pixels.

Figure 7.2

of similar length. We will study the effect of increasing the SFF by increasing the number of cores
and keeping their size constant in future work. We expect to get apparent filaments with larger
aspect ratios in that case. Figure 7.3 shows the fraction of cores situated in filamentary structures for
different surface filling fractions for both DisPerSe (red dots) and profile filtered skeletons (blue dots).
As filling fraction increases, the number of cores in structures that can be characterized as elongated,
also increases. In the case of DisPerSe skeletons, this percentage of cores is higher since our profile
filtering breaks up the DisPerSe filaments. This simple test shows that, with enough statistics it can
be possible that clusters of randomly placed cores on a projected map could be identified as filaments
by both DisPerSe and our profile-filtering algorithm. We intend to perform Monte Carlo simulations
of core maps, in order to provide an error estimate for the points in plot 7.3.

Figure 7.3: Fraction of cores situated in filaments for different core surface filling fractions. Red dots
refer to the DisPerSe skeleton, while blue dots to the profile filtered one.

In figure 7.4, the mean profile of a bone found in the most dense map (figure 7.2 (b)) is plotted in
two ways. In 7.4 (a) the profile is shown with linear axes and its position and form on the map are in
the top left and right corners. Panel (b) shows the mean profile in a logarithmic plot (green line), with
a Gaussian (cyan) and a Plummer (red) function fitted to it. From these images, we conclude that
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these properties of cores appearing close in projection do not present any detectable difference to the
observed properties of filaments found in data. Also, considering that Hacar et al. [2013] found that
the clustering of cores in small scales in projection is larger than that expected by a random placement,
we expect a more compact positioning of the cores to make the emergence of apparent filaments easier.

(a) (b)

Figure 7.4

In conclusion, we find that a collection of cores that are close enough to each other may appear to
form filamentary structures in projection. Since cores have an r−2 radial profile, the resulting apparent
filaments also have the same profile. A fraction of the filaments we find in the 13CO map of Taurus
and maybe even of those found in the Herschel dust continuum maps of molecular clouds may have a
similar origin.
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Chapter 8

Discussion

We have searched for filamentary structures in the 13CO data of the Taurus molecular cloud from the
Five College Radio Astronomy Observatory CO Mapping Survey [Goldsmith et al., 2008, Narayanan
et al., 2008]. The data cover ∼100 square degrees and could thus in principle be very revealing about
the statistical properties of filaments within a single cloud. We looked for filamentary-like structures in
the map of integrated emission in the velocity range of 252-9817 m/s, using the DisPerSe software. We
found that, although DisPerSe detected hundreds of potential filamentary structures, very few of them
were indeed continuous, elongated structures with cross-section intensity profiles peaked on the spine
of the filament. We then developed an algorithm to filter the DisPerSe results by demanding filaments
to be continuous, elongated structures. Ultimately, only 5 filaments with aspect ratios larger than 3
were found. We studied the properties of these resulting filaments in both the integrated emission and
the velocity data cube. We report the main results:

• Filaments in the 13CO integrated emission are very few.

• Profiles along filaments have a large scatter and the mean radial profile is not informative on this
variation.

• The distribution of widths along all structures found (not only those with aspect ratios larger
than 3) is peaked at 0.5 pc and has a standard deviation of 0.4 pc.

• The distribution of all widths along filaments is peaked at 0.4 pc and has a standard deviation
of 0.36 pc.

• The mean radial profile of the main filament is well fitted by a Plummer function with an r−2

scaling.

• Filaments have multiple component velocity structures. The velocity components in each filament
have a large enough spread that even if the filaments were to be cylinder-like structures they
would disperse in the line-of-sight dimension in one free-fall time.

• The higher intensity filament presents the largest range of velocity components, their difference
being as much as 2 km/s.

Concerning the paucity of filaments, we should point out that our choice of parameters in the
analysis has been conservative. The requirement that filaments have aspect ratios larger than 3 is a
very moderate one. Cores are found to have aspect ratios of 1-2 and filaments in the Herschel maps
have ratios larger than 5. The same applies for the process of separation of a bone with two consecutive
unacceptable profiles. Consequently, we are confident that we found most, if not all, filaments that
exist in the integrated intensity map.

The form of the velocity structure of the main filament lead us to consider the possibility that some
filaments can appear as such only due to the presence of cores overlapping in projection. We briefly
investigated this idea and have seen that a) in maps containing only cores, filamentary structures can
be identified by DisPerSe and our profile filtering algorithm, b) properties such as the mean radial
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profile of these structures are indistinguishable from those of some filaments found in the integrated
emission. We plan to revisit this result more carefully in the near future.

Li and Goldsmith [2012] found that the prominent L1495/B213 filament in Taurus has a high
volume density (104 cm−3), by analyzing spectra and excitation conditions of HC3N at different lines
of sight. This result, although presented as favoring a cylinder-like structure, is consistent with the
hypothesis that this filament is comprised of distinct cores overlapping in projection.

Contrary to Herschel results, we do not find a characteristic width neither for the few filaments
we identify nor the structures contained in the whole skeleton. We find a rather broad distribution of
widths with a peak at about 0.4 pc which is larger than the 0.1 pc characteristic width reported in the
Herschel studies.

An important fact concerning CO is that it suffers from freeze-out onto dust grains in dense parts
of the molecular cloud. It can, therefore, only trace regions up to a few thousand cm−3. This is the
main reason why our structures in the integrated map have relatively low contrast compared to those
in Herschel maps.

The study of structures in integrated maps can be misleading in two ways that have opposite effects.
On the one hand, structures that are distinct in PPV space may overlap and create the impression
of a whole when integrated. On the other hand, the integration may obscure structures that are
filamentary in a small number of velocity channels, either due to suppression with comparison to other
higher intensity regions in the final map, or the existence of diffuse emission in other velocity channels.
For this reason, we intend to search for filaments in maps of different velocity slices of the data cube.

Hacar et al. [2013] reported the existence of sub-filaments in the L1495/B213 filament. However, as
stated in the publication, it is possible that the lengths of their structures are over-estimated, as their
algorithm attaches different velocity components to find filaments in PPV space. Moreover, the fact
that they use C18O emission, which traces slightly higher densities, may result in finding structures of
smaller widths. These two facts may increase the aspect ratios of the filaments found. In our future
study of velocity slices, we will search for filaments in PPV space and compare with these findings.
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Appendix A

Validation of the profile filtering
algorithm

In order to test and refine the algorithms presented in sections 2.2.1 and 2.2.2, we performed the
following tests. We applied the algorithm on a series of 2D images, created to contain filaments of
certain properties, with the aim to test how well these properties are recovered by the algorithm.
We created maps of size 256 x 256 pixels, populated with filamentary structures with radial intensity
profiles of the form presented in equation 2.1. The parameters Rflat and Σc control the filament
width and central intensity. All filaments in a map are created with the same length, Rflat and Σc.
Their positions and orientation angles are random. Each filament has a constant orientation. The
background level at each pixel is directly dependent to its distance to every filament and has a mean
value of approximately 2-3 (arbitrary units). All filament maps are added to an equally sized noise
image with uniform noise in the range [0,0.1]. This adds a small fluctuation to the initial image.

The width of a filament at each sampling point is defined as the FWHM of the gaussian fit returned
by dynamical fitting, as explained in section 2.2.1. The width reported as that of the whole filament
is the median value of all widths along it. The parameter Rflat is related to the FWHM of the profile
of an isolated filament as shown in equation 2.2. Due to the presence of other structures, the
background level increases and the above equation for width estimation is not an accurate prediction.
We performed a study over the parameters: S/N, FWHM of an isolated filament and length of the
filaments. We created seven maps with different values of these parameters, shown in table A.1.

ExpectedFWHM (pixels) max(S/N) Length (pixels) Label

16 3 40 A

30 3 40 B

12 3 40 C

16 3 80 D

16 3 20 E

16 6 40 F

16 1.5 40 G

Table A.1: Parameter values used to generate each map in the study.

The first step after generating the maps, is to use them as input for DisPerSe to obtain skeletons.
These skeletons are shown in figures A.1(a) - A.7(a) over-plotted on the corresponding images. Each
bone is depicted with a different color. The skeletons are selected so as to have as long bones as
possible, as our algorithm is capable of breaking up preexisting bones, but not attaching them.

The important parameters used in the profiling algorithm for these tests were:

• Initial profile extent equal to 30 pixels.

• Tolerance for non existent consecutive profiles equal to 2.
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(a) Map A - unfiltered (b) Map A - filtered

Figure A.1: Map A skeletons: (left) DisPerSe skeleton and (right) skeleton filtered by ’good’ profile
criteria.

(a) Map B - unfiltered (b) Map B - filtered

Figure A.2: Map B skeletons: (left) DisPerSe skeleton and (right) skeleton filtered by ’good’ profile
criteria.

• Gaussian fit peak contrast to background equal to average background value of the map. This
varies amongst different maps in the range [1,5].

• Position of the peak of the gaussian fit within 5 pixels on either side of the center of the profile.

The skeletons resulting from the profile filtering algorithm are shown in figures A.1(b) - A.7(b).
The best working example is map F (highest S/N), while the worst is G (lowest S/N).

Figures A.8 - A.14 show the characteristic sizes of filaments as found by the algorithm. Plots (a)
depict the distribution of filament widths in each map, calculated in two ways. The black line shows
the distribution of mean values of FWHM along a filament, while the cyan line shows that of the
median. Plots (b) show the distribution of filament lengths. The majority of bones are very short,
as seen also on the final maps. In plots (c), bone widths are plotted against their lengths. Red dots
indicate true filaments on the maps. Partial detection of a filament is, as explained above, due to an
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(a) Map C - unfiltered (b) Map C - filtered

Figure A.3: Map C skeletons: (left) DisPerSe skeleton and (right) skeleton filtered by ’good’ profile
criteria.

(a) Map D - unfiltered (b) Map D - filtered

Figure A.4: Map D skeletons: (left) DisPerSe skeleton and (right) skeleton filtered by ’good’ profile
criteria.

initial malformation of the DisPerSe skeleton, with 5 exceptions (one filament in each one of maps C,
F and 3 in map G).

In Map A, all 7 filaments are recovered. In map B 6 out of 9 filaments are detected in their
entirety. The remaining 3 are also found but split into shorter ones due to the initial skeleton provided
by DisPerSe. In map C 9 out of 13 are found whole. Of those remaining, 3 are as long as the DisPerSe
skeleton allowed them to be. The last one is wrongly cut by our algorithm. This effect is related to
the mode of the FWHM distribution criterion. The two filaments in question are separated by a very
short distance. Their profiles are strongly affected by this proximity. Profiles near the ’intersection’
closely resemble that of figure A.15 (a). Dots indicate points along the cross section, dashed lines are
the consecutive gaussian fits used in dynamical fitting. The last fit is colored in blue (dots fitted and
final gaussian). The distribution of FWHMs of the fits in a profile such as this, is shown in A.15 (b).
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(a) Map E - unfiltered (b) Map E - filtered

Figure A.5: Map E skeletons: (left) DisPerSe skeleton and (right) skeleton filtered by ’good’ profile
criteria.

(a) Map F - unfiltered (b) Map F - filtered

Figure A.6: Map F skeletons: (left) DisPerSe skeleton and (right) skeleton filtered by ’good’ profile
criteria.

The mode value of these is the one considered by the algorithm as the FWHM value1.

The algorithm found all filaments of map D in their entirety. Map E also presents no failures of the
algorithm. The filaments of map F are also detected intact, with the exception of one filament whose
proximity to the end of another has led the algorithm to discard a number of profiles larger than the
tolerance level. This effect is similar to the example shown in figure A.15 seen also in map C. Finally,
in map G 12 out of 18 filaments are found whole. Of those remaining, 3 more are detected as shorter
due to the initial skeleton. The final 3 present failures of the algorithm which are solely due to the low
S/N ratio of the particular map.

In total, the joint use of DisPerSe and our algorithm has a finding efficiency of 82% for full recovery

1Due to the way the mode is calculated, if there are several equally populated values, that of the lowest FWHM is
selected. This gives a preference to thinner FWHMs, an aspect that somewhat mitigates the preference of the fits to fit
values further away of the profile center.

56



(a) Map G (b) Map G

Figure A.7: Map G skeletons: (left) DisPerSe skeleton and (right) skeleton filtered by ’good’ profile
criteria.

(a) Map A (b) Map A (c) Map A

Figure A.8: Widths of filaments as defined by the algorithm (a) and lengths (b) with filament number.

of structures. When partial discovery is also included, the efficiency is 89%. From plots A.8 - A.14 (c),
we conclude that:

• the algorithm tends to overestimate filament lengths.

• the algorithm preserves a constant width if there is one in the input maps.
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(a) Map B (b) Map B (c) Map B

Figure A.9: as above

(a) Map C (b) Map C (c) Map C

Figure A.10: as above

(a) Map D (b) Map D (c) Map D

Figure A.11: as above
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(a) Map E (b) Map E (c) Map E

Figure A.12: as above

(a) Map F (b) Map F (c) Map F

Figure A.13: as above

(a) Map G (b) Map G (c) Map G

Figure A.14: as above
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(a) Profile with gaussian fits (black dashed lines) from
dynamical fitting.

(b) Distribution of FWHM from dynamical fitting of pro-
file to the left.

Figure A.15: Profile that did not pass the criteria, and resulted in cutting filament 0.
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Appendix B

The DisPerSe software - example usage

B.1 Creation and initial processing of test images

In this appendix, we describe the use of the DisPerSe software and its different options for the com-
putation and post processing of topological skeletons of images. We created a series of images with
which to explore and test the various options that the software offers.

(a) (b)

Figure B.1: Test image for Disperse (a) and its topological skeleton as calculated by the software,
unprocessed (b).

First, we used the image of figure B.1 as input to mse, enforcing nonperiodic boundary conditions
and obtained its topological skeleton, as explained in chapter 2.1. In order to identify the prominent
structures of the image, the skeleton has to be simplified by defining a persistence threshold and
removing critical points below that. The persistence plot of figure B.2 is a tool used to define the
appropriate persistence cut. There is no single acceptable persistence cut for any given image. Points
on this plot represent persistence pairs of critical points with the X coordinate being the intensity
value at the lowest critical point of the two and the Y coordinate being the persistence of the pair (i.e.
the value difference between the two, interpreted as contrast of the topological feature it represents
with respect to its background). Consequently, the sum of the coordinates X+Y of a pair is the
intensity value of the most intense point in a pair. Points located in the right side of this diagram
represent features located in high intensity regions of the map, while points in the upper side represent
features that clearly stand out from their background. Points in the bottom left belong to the noisy
background. In this particular plot, the noise dominated region consists of the points below 102 on
the X axis. Lines with the equation Y = constant + X represent regions of equal intensity. Different
shapes and colors stand for different types of critical point pairs. More specifically, the green squares
stand for saddle-point - maximum pairs while blue disks stand for minimum saddle-point pairs.
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Figure B.2: The persistence diagram. Points represent critical pairs in the skeleton. Green squares are
saddle point - maximum pairs, blue dots are minimum-saddle point pairs. Points to the right are in
regions of high intensity, points to the top are very prominent whit respect to their background.

A cut in persistence (on the Y axis) results in removal of the noise-dominated structures. All pairs
below the selected persistence threshold are discarded in the skeleton simplification process. Not all
noise induced structures in this particular example can be discarded in this way. An exception is the
green point at the top of the persistence plot. As its value is within the noise level, we conclude that
this pair is not a true feature and its high persistence is possibly due to the treatment of boundaries of
the image. The next section provides an explanation of how to discard it. Figure B.3 (a) depicts the
image over plotted with its simplified skeleton (compare to B.1 (b)), where the persistence threshold
is relatively high, at 14.

B.2 Post-processing of skeletons

Disperse’s skelconv program provides many options to post-process skeleton files. In the following
paragraphs we investigate the effect of these options on skeleton files of test cases such as figure B.1.

The software gives the option of discarding persistence pairs both according to their X coordinate
and their Y coordinate in the persistence plot. While the persistence threshold is defined in the main
program, the option of trimming below a given intensity value is amongst the post-processing option.
Trimming below intensity 20 (cut on the X axis) of plot B.2 ensures that only high intensity pairs
remain in the skeleton. Figure B.3 shows the skeletons without any trimming (a), with values below
10 trimmed (b) and values below 20 (c) trimmed.

Next we investigated the result of defining a threshold in robustness (see chapter 2.1). For this, we
lowered the persistence threshold, as suggested by the code developer, and applied a robustness cut
at various levels. The effect is obvious when comparing figures B.3 (c) and B.4. A high persistence
cut such as the one in the former case, loses part of the underlying structure (e.g top right part of X
shape). A lower persistence cut along with a robustness cut have a much more accurate result.

Figure B.5 shows examples of using the option ‘-smooth’. Skeleton bones are smoothed by averaging
the coordinates of each point along a bone with that of its two neighbors. It is notable that even extreme
smoothing (figure B.6 (a)) does not make small structures popping out at odd angles disappear.

A fact that is eminent in all skeletons is that skeleton ‘filaments’ are small fragments of the true
structure. It is necessary to assemble these fragments in order to produce a skeleton that is accurate.
This is made possible by the option ‘assemble’, see figure B.6 (b).
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(a) No trimming (b) Intensity values below 10 trimmed (c) Intensity values below 20 trimmed

Figure B.3: Skeleton with high persistence cut (14). Examples of trimming in intensity.

(a) Skeleton with persistence cut at 6.26 and robust-
ness at 50.

(b) Skeleton with persistence cut at 6.26 and robust-
ness at 14

Figure B.4

(a) Not smoothed (b) Smoothed 10 pixels

Figure B.5: Skeleton with high robustness (smoothed and not)
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(a) Skeleton with high robustness smoothed 100 pixels (b) Assembled skeleton

Figure B.6
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N. Peretto, P. André, V. Könyves, N. Schneider, D. Arzoumanian, P. Palmeirim, P. Didelon, M. Attard,
J. P. Bernard, J. Di Francesco, D. Elia, M. Hennemann, T. Hill, J. Kirk, A. Men’shchikov, F. Motte,
Q. Nguyen Luong, H. Roussel, T. Sousbie, L. Testi, D. Ward-Thompson, G. J. White, and A. Zav-
agno. The Pipe Nebula as seen with Herschel: formation of filamentary structures by large-scale
compression? Astronomy and Astrophysics, 541:A63, May 2012. doi: 10.1051/0004-6361/201118663.

H. C. Plummer. On the problem of distribution in globular star clusters. Monthly Notices of the Royal
Astronomical Society, 71:460–470, March 1911.

L. Qian, D. Li, and P. F. Goldsmith. 13CO Cores in the Taurus Molecular Cloud. The Astrophysical
Journal, 760:147, December 2012. doi: 10.1088/0004-637X/760/2/147.

T. Sousbie. Disperse: Discrete persistent structures extractor. Astrophysics Source Code Library, 2013.

C. Z. Waters and J. K. Hollek. Robospect: Automated equivalent width measurement. Publications
of the Astronomical Society of the Pacific, 125(931):1164–1178, 2013.

T. Weinkauf and D. Günther. Separatrix persistence: Extraction of salient edges on surfaces using
topological methods. Computer Graphics Forum (Proc. SGP ’09), 28(5):1519–1528, July 2009.

A. P. Whitworth and D. Ward-Thompson. An Empirical Model for Protostellar Collapse. The Astro-
physical Journal, 547:317–322, January 2001. doi: 10.1086/318373.

66


	Introduction
	Algorithms
	The DisPerSe software
	Basic concepts and terminology
	Software and usage

	Extracting properties of structures within the DisPerSe skeletons
	Profile fitting and filtering algorithm
	Re-defining bones

	ROBOSPECT - identification of different velocity components

	Analysis of the Taurus cloud map - Integrated emission
	Sub-regions in the integrated map
	Region N3
	Region N2
	Region N1
	Region S3
	Region S2
	Region S1

	Properties of identified filaments
	Filament velocity structure
	Cores in projection
	Discussion
	Validation of the profile filtering algorithm
	The DisPerSe software - example usage
	Creation and initial processing of test images
	Post-processing of skeletons


