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Abstract

We present a new approach aimed at understanding the steuofuconnections in edge-bundling layouts. We
combine the advantages of edge bundles with a bundle-cesinpli ed visual representation of a graph's struc-
ture. For this, we rst compute a hierarchical edge clustayiof a given graph layout which groups similar edges
together. Next, we render clusters at a user-selected tEvaétail using a new image-based technique that com-
bines distance-based splatting and shape skeletonizafioa overall result displays a given graph as a small set
of overlapping shaded edge bundles. Luminance, saturatioa, and shading encode edge density, edge types,
and edge similarity. Finally, we add brushing and a new typsemantic lens to help navigation where local
structures overlap. We illustrate the proposed method orrs¢real-world graph datasets.

Categories and Subject Descriptofsccording to ACM CCS) 1.3.3 [Computer Graphics]: Picture/Image
Generation—Line and curve generation 1.3.5 [Computer Gics) Picture/Image Generation—Computational
Geometry and Object Modeling

1. Introduction crossings Pur97 HMMOOQ]. Recent research targets clutter
reduction and structure emphasis by geometrically group-
eing, or bundling, edges that follow close paths. Edge-
bundling layouts (EBLS) exist for general grapiZQ 08,
HvWO09, PXY 05], circular layouts K06], hierarchical di-
graphs Hol0€], and parallel coordinate$M08,ZYQ 08]

Graphs are used to represent entity-relationship datasets
many application areas, such as network analysis, softwar
understanding, life sciences, and the world wide web. Many
visualization methods exist for large graphs, such as kleala
node-link diagrams, matrix ploty¥iH03], and combinations
of the two HFO7]. Node-link diagrams are often considered
more intuitive, and are arguably the most populaF{04. In this paper, we approach the goal of visualizing the
However, node-link layouts can produce signi cant visual Ccoarse-scale structure of an EBL and clarifying edge alutte
clutter, which shows up as overlapping edges or nodes. Clut-¢aused by bundle overlaps. Given a bundling layout, which
ter impairs tasks such as nding the nodes that a given edgeWe do not change, we hierarchically cluster edges seen as

(or edge set) connect, and at a higher level, understanking t - Similar from the viewpoint of the layout and, optionally,-un
coarse-scale graph structure. derlying attribute data. Next, we construct simple shapas t

encode both geometric attributes of clusters (form, pasiti
= . ) topology) and underlying edge data (spatial density and at-
|zat|9ns f_or the_above,_and_5|m_|lar, tasks. First, t_he g@ph tributes). We render these shapes with an image-based tech-
be simpli ed prior to ylsuallzatlone.g.by extracting struc- nigue that maps their attributes to shading and color on one o
tures such as spanning trees or strongly connected compo;, e scales. While keeping EBL advantages, our simpli ed
_nents. Secondly, the layout of nod_es and/or edges can be ad\'/isualization clari es coarse-scale bundle overlaps hyliex
IUSted'_ BOt_h methopls can be applied globally, ba;ed on clut- itly drawing each bundle as a separate shape, and assists the
tfer estimation metrics, or locally, basedy.on user interac- task of nding nodes connected by a bundle. The simpli -
tion [WCGO3WCO0S. cation level is user controlled. Finally, we add interactio
When node positions encode information, they should further clarify overlaps in desired areas and to offer detai
not be changed. Also, clutter is related most often to edge on demand.

Several approaches exist to reduce clutter in graph visual-
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This paper is structured as follows. Sect®reviews re-
lated methods. Sectio8 details our technique. Sectich
presents several results. Secti®riscusses our proposal.
Section6 concludes the paper with future work directions.

2. Related work

Reducing edge clutter can be approached by different types

of methods, as follows.

1. Edge bundlindayouts (EBLS) spatially group edge2 E
for a graphG(V;E) using a metricd(e;ej) that models

next be simpli ed. Simpli cation is not restricted to a unig
hierarchy. For example, GrouseFlocks allows users to-inter
actively explore a set of alternative hierarchical simp#-
tions on large graphs, as well as adapt the simpli cation
level, or ‘cut' in the hierarchy, dynamically to parts of the
graph AMAO8]. A recent review of clustering techniques is
given in [Sch07. In this paper, we use edge clustering, a sub-
class of graph clustering, to identify and separate edge bun
dles. However, we do not explicitly simplify the input graph

3. Method

closeness in either graph space, layout space, or bothsEdge

g = fpijg’j\‘zl, whereN = jgj, are discretized into points
pij which are positioned so as to minimige In hierarchi-

cal edge bundles (HEBS) re ects closeness of edge end-
nodes in a hierarchy associated with[Hol06]. In force-
directed bundling (FDB)d models geometric proximity of
edge pointsp;j, and is minimized by a self-organizing ap-
proach HvWO09]. Flow maps hierarchically cluster nodes
and edges in a ow graph and yield bundles that empha-
size source-sink routesPKY 05]. Geometry-based edge

bundling groups edges using a control mesh generated by

edge clustering@ZQ 08]. Parallel coordinates use a metric

d that encodes curvature and geometric distance to bundle3:

edgesZYQ 0g.
Overall, EBLs trade clutter fooverlap Similar edges

are routed close to, or atop of, each other, so less indi-
vidual edges may be visible. Coarse graph structure be-

comes visible, but visually disambiguating close or over-
lapping bundlesj.e. seeing nodes these connect, can be
hard [GK06, HERTO0Y. Bundles are typically implicit: it is

hard to exactly say which are the main bundles in an EBL

We aim to simplify a bundled edge visualization by empha-
sizing the coarse-level bundle structure to help userssio-vi
ally trace such bundles to the nodes they connect. For thkis, w
make bundles a rst-class visualization object using siigt
and shaded cushions, hence the name of our method: Image-
Based Edge Bundles (IBEB). We use a six-step approach, as
follows (see also Figl).

1. We apply a given edge bundling layout (S&d).

2. We explicitly group laid out edges into a cluster hierar-
chy, using a distance that re ects edge positions and data
attributes (Sec3.2).

We choose a set of clusters from the hierarchy at a user-
selected level of detail. For each cluster, we create a com-
pact shape around its edges (Sx8).

For each shape, we construct a cushion-like shading pro-
le that also encodes data attributes (S&@)).

We render all shapes in a suitable order to minimize oc-
clusion (Sec3.5).

We add a new semantic lens method to help visual explo-
ration (Sec3.6).

4.

5.

6.

and what sub-graphs these relate, since bundles do not havd hese steps are detailed next.

a distinct visual identity.

2. Image-basedechniques avoid edge clutter by not explic-

3.1. Layout

itly rendering edges. Graph splatting convolves nodes andWe start with an edge bundling layolit: G ! R2 for the

(optionally) edges of a node-link layout with a Gaussian |-
ter [vLdLO3] into a height or intensity map. Dense edge re-
gions, which can cause clutter in node-link renderingswsho
up as compact high-value splats. The Iter width controks th

scale at which overlap is perceived. However producing sim-

pli ed views, splatting makes it hard to follow edges. Also,
the Iter width needs careful tuning to avoid creating diseo
nected, thus misleading, splats.

Shaded cushions are effective for showing hierar-

input graphG(V; E). The next steps (Se8.2 and further)
are fully independent on this layout. The only assumptions
made are that

1. each edge 2 E is mapped to a set of points;j 2 R%
different edges can have different amounts of points;
2. the layout does create edge bundles;

As an example, we use the HEB layottdl0€]. Yet, we
use absolutely no hierarchical information beyond theliayo

chies, and have been used for rectangular and VoronoiOther bundling layouts can be readily used (Sic.

treemapsyWvdW99 BDLO05] and icicle plots and edge bun-
dles [TA08]. However, we are not aware of cushions and
EBL combinations for more general graphs.

3. Graph simpli cationtechniques replace sub-structures by
simpler ones, or wholly eliminate them, if not essential for
the task at handdvHK06, ACIMO03 vHWO08]. This reduces

Graph clustering identi es similar sub-structures whi@nc

3.2. Clustering

As a pre-processing step to produce our simplied vi-
sualization, we explicitly group related edges. Each

edgee = fpjgijil is modeled as a feature vector=

ments ofv are regularly sampled points along the polyline
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input
graph

edge bundle layout L clusters C;

Figure 1: Image-based edge bun

fpjg. N should be large enough to capture complex edge
shapesN 2 [50;10Q gives good results on different EBLs
and datasets, in line withHvW09, Hol06, GK06]. Some lay-
outs do not encode semantic edge similarity into positions
(assumption 2, Se®.1): The HEB groups edges solely on
their ends' hierarchy position; the FDB uses solely edge
points' positions. In some casesg.visualizing a software
system graph, we want to distinguish edge tymeg.(nher-
itance, call, uses)HERTO09. To separate edges of different
typest 2 N, we addvon+ 1 = t. Multiple type dimensions can

we have used a single type componéhnt=( 1).

Next, we cluster all edgeg with a well-known cluster-
ing framework for gene dataHINMO04]. Intuitively, we re-
place genes by our vectovs We have tested several algo-
rithms: Hierarchical bottom-up agglomerative (HBA) using
full, centroid, single, and average linkage; d&acheans clus-
tering, both with Euclidean and statistical correlatioedP
son, Spearman's rank, Kendallty distances. HBA with
average or full linkage and Euclidean distandfe;w) =
aN"Tkv  wik? give the best resultsg. clusters with edges
being close both geometrically and type-wise. To keep edges
of different types separated, we bita® v with a large value
k= ma&;eOZEéi’\ild(e; eo). Similar techniques are used to
handle gene components with different semantics, which
also allows users to set weights to the different feature vec
tor componentsHINMO04]. However, mixing positions and
types in one distance metric could in some cases lead to un
desired resultse.g. having one kind of data dominate the
other, depending on the values of N, T, and value ranges of
position and type attributes. If we want to allow that only
edges of the same type get clustered together, we de ne
divw) = &l kv wik? if vj = wj;8j 2 [N+ L;N+ T],
elsed(v;w) = k. Implementing this inlHINMO04] is straight-
forward.

HBA delivers a dendrogram = fCg with the edge seE
as leaves and distance€C) decreasing fromrroot to leaves.
We ow selecta partitioR= fCigof Esothat ¢ .c,op=
and ¢,p = E. For example, a similarity-base®icontains
all clusters with ad(C) < duser below a user-given value.
Largerdyser values give more numerous, and more similar,
clusters. Smalletlyser values give less, more dissimilar, clus-
ters. Other methods can be used. selectP for a given
cluster count.
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splaté S

shaded images |;

dle (IBEB) visualization pipeline

We stress that the clustering method choice is not the core
of this paper, but only a tool to create explicit edge groups.
Any clustering can be used, as long as it groups edges log-
ically related from an application viewpoirgnd spatially
close. For example, the ink-minimizing clustering GK06]
is a good option if the aim is to generate tight bundles which
never cross and use a circular layout. The hierarchicat clus
tering in [CZCEO0§, although proposed for tensor bers, may
also deliver good results. Also, it is very important to note
that our partition is just a single level, or 'cut’, in the pia
which we subsequently visualize.

3.3. Shape construction

Given a user-selected partitidh (Sec.3.2), we now con-
struct a shape to visualize each edgeGetfgg 2 P. Due
to bundlingand clustering,g typically follow a small set of
directions (paths).

We use splatting to show bundles in a compact way
(Fig. 3). We convolve each edge 2 C with a kernelk
which linearly decreases from a maximufto zero at a
distanced from the edge, and accumulate results, similar
to [vLdLO3]. For this, we sampl&k in a 64x64 pixels al-
pha texture and additively blend textured polygons alohg al
pi 2 e2 C (GL_SRC_ALPHAGL_ONEBE. We tried both ra-
dial and linear pro les fork (Fig. 3 bottom-right). Radial
pro les are splatted centered pt. Linear pro les are splat-
ted on two polygon strips built by offsetting edge segmenst

pi pi+ 1 in vertex normal directions;, n; with d, like stream
ribbons in ow visualization. Linear pro les are better:ef
allow freely choosing the edge resolution (numbepfand
splat sized, while these values must be carefully tuned for
radial pro les to avoid splatting gaps.

Figure 3: Splatting algorithm details

Splatting yields an edge densB(x) = & pr gexck(p %)
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a) edge layout b) splatted image ¢) binary shape

Figure 2: Shape construction. Edge bundles (a) are splatted into aileimage (b), next thresholded into a binary shape (c).

. . . Style s a
(F!g. 2 b). Next, we threshold to obtain a binary shape Convex H 1
(Fig.2¢) Density-luminance] 1 HD | 1
_ 1 DX t Density-saturation| HD 1

0= o p<t @ Cores H 1 H°

Outline 0 1 HD

For illustration simplicity, Fig2 shows a single cluster (the
tree root). In practice, we create one shafder each cluster Table 1: Shape shading styles (see S&c4,3.5
Ci in the user-selected partitiéh Eachl; is, by construction,
compact, and surrounds the edge bundle(§) iwith a max-
imal offsetd(K  t)=K. In practice, we always sét= 0:7K ary fl
andK = 0:2. d is user-controlled, ranging between 1% and  sk1)= fx2 1j9p2 11;q2 1I;p6 g kx pk= kx gkg
5% of the viewport (see Se8.4). .
Next, we compute a shading pro le

1 DT(M). DT(SR .
5 min DT—(Sk)'l +max 1 DT’
whereDT (1) andDT(SK are the distance transforms of the
boundaryql and skeletorgkrespectively. We compute both

T andSkusing the implementation described TvjV02].

or any shape topology or geometi,smoothly varies be-

Additionally, we modulated to thin shapes half-way be-
tween their ends. For this, we use, at each ppirit2 [1; N], H=

avaluedi=d e iN'izzz +1 e, i.e.shrink shapes from
d at their ends tq1 €)d in the middle. Good values f@
range around 0.5, which was used for the examples in this pa-

per. Shrinking reduces bundle overlaps, as we shall see nex

0 (@

in Sec.3.5 tween 0 onfl and 1 onSK]1), as shown for a different ap-
plication in [RT0Z. Figure4 b,c showSkandH (the latter

3.4. Shading lc:)inga4t:ue-to-red colormap) of the shape given by splatting

For each binary imageé created from clustered edge bun- We now set the hue, saturation, value, and transparency

dles, we now create a shaded shape that compactly convey#: s, V;a at each pixel of using the pro leH, splatting den-
the underlying bundle structure Following the original bun sity D (Sec.3.39), and edge types, following the aims listed
dle metaphor, we want to encode several aspects in a shapegarlier in this section. We set= H?, with a = 0:5. This
darkens shapes close to their border and brightens them clos
bundling: The shape should suggest the branching struc- o the skeleton. The factor 0.5 smooths BU(Eqn. 2), cre-

ture of a set of bundled curves in a simpli ed way; ating a look akin to classical shaded cushioné/fdw9d.
structure:Finer-level groups of edges, or even individual Next, we map edge types to hie Two options were ex-
edges, should be visible; plored: each shape has a different hue, or hues map edge

density: High edge-density regions should be visible. types. The second option is relevant when clusters contain
These are cues for strong couplings, relevant to many ap-only same-type edges (Se&2). Finally, we uses anda to

plications; create different visual styles (Taklg.
data: The shape should be able to encode bundle at-

tributes,e.g.edge types. The convexstyle renders opaque shapes dark and sat-

urated at the border and bright and white in the middle
For this, we generalize rectangular shaded cush- (Fig. 4 d). In contrast to Phong shadirtg) as a true height
ions WWvdW99| to our more complex shapésas follows. signal, as in yWvdW99 BHvWO0Q], this style emphasizes
We compute the skeletdl(1) of each shapk SK1) isa 1D the skeletal structure (branching pattern). We see now the
structure locally centered with respect to the shape's Boun effect of the splat sizel (Sec. 3.3). Higher values vyield
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d) convex shading
(large splat size)

e) co
(small splat

nvex shading

c) height profile H

f) convex shading

size) (thin shapes)

Figure 4: Shading pipeline (Se8.4). Edges in a cluster (a) and their binary shape | and skel&hrib) and shading pro le H
(c). Convex shading with shape thickness as function offila¢ size (d,e) and shading pro le thresholding (f)

thicker, simpler, shapes (Fig.d). Smaller values yield thin-
ner shapes with individual edges better visible (Big). We

can further emphasize a bundle's branching structure by us-

ing max{0;(H Hmin)=(1 Hmin)] instead ofH in Tablel1.

H's isolines continuously change from the shape's bound-
ary to its skeleton, being halfway &t = 0:5 (see Fig4 c
and RT0Z)). Hnin = 0:5 yields shapes which are thinner and
also further emphasize the bundle structure, as in4ig.

The last four shading styles in Tableare effective when
visualizing several clusters, as discussed next.

3.5. Rendering

For a given clustering partitioR, we now render one shape
| for each cluster in back to front ordere. sorted on shape
size (foreground pixel countj). Placing small shapes in
front of larger ones reduces occlusions and makes small bun
dles visible.

Figure 5 illustrates this. Image (a) shows a dependency

graph of 419 nodes and 988 relations extracted from a C#

software system, laid out with the HEB. Nodes are .NET as-
semblies, packages, classes, and methods. Several bundl
show up, but it is hard to determine (even with interaction)

which subsystems they connect. Overlaps make it hard to vi-

sually follow a bundle end-to-end. Image (b) shows the tesul
of our method, on a level-of-detail with 18 clusters, usimg t
convex style (Sec3.4). For illustration only, clusters were

C 2010 The Author(s)
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given different random hues from a hand-crafted colormap.
Using a gray rather than white background emphasizes the
coarse-scale bundles. Image (c) shows the density-lurménan
style (Tablel). Brightness emphasizes clusters with many
edges. Figur® d serves the same goal, but uses saturation:
High-density areas are colorful, low-density areas arg.gra
Image (d) shows theoresstyle. Areas close to bundle skele-
tons are opaque, the rest is transparent. This reducespserl
and stresses graph structural aspects, similar in aimseto th
opacity bands in clustered parallel coordinate¢/R99.

To better visually separate overlapping bundles, we can
use a halo effect conceptually similar to the technique pre-
sented in EBRIOY for tensor bers. For every bundle shape
I, we create a white, opaque border of xed sikda few
pixels) around. Doing this is simple: all pixelg in the halo
band are characterized YT () s. SinceDT is com-
puted in pixel space, the halos will be the same wiltlin

pixels, regardless of the bundles' widths. If we desire ha-
los of width proportional to the bundles thicknesses, we can
useH instead ofDT. An advantage of using is that halos
are guaranteed to never ‘erase’ very thin bundles completel
Figure6 showsH-based halos, with a zoomed-in detail in the

es

inset. Halos are most effective for images showing a limited
number of bundles. Denser imagesg. Fig. 5, bene t less
from halos as these always take a certain amount of screen
space.

Figure 5 shows theoutline style. Here, we modulate al-
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Figure 5: Rendering styles: convex shapes (b), density-luminancddnsity-saturation (d), bi-level (e), and outlines (f).

N v
7 H‘! \\ a »‘ ’\\ S
iy

Figure 6: Bundle visual separation using halos

pha, to create transparent outlined tubes (Tapl&o reduce

detail to a bundle. For a user-chosen ledgl, and parti-

tion P = fCg, we rst computeH as in Sec3.4 Next, we
re-partitionC (Sec.3.2) for a higherd%;, = pdmin, Where

pn= 1:2 gives good results. Third, we add the pro let

of eachC? in its re ned partition P’ scaled to a lower
range[0; h], to the coarse-scald;. We normalize the result

H + & cop pohHand use it for shading (Se8.4). Finer-scale
bundles create luminance ridges within their parent ctaste
From discussions with the users, we noted that bi-level im-
ages are perceived as more suggestive than single-levgl one
as the second level acts as a detail texture suggestingthe bu
dled edges, and also eliminate the undesired luminancepeak
created by skeleton branches reaching to the corners of the
bundle shapes (compare Figs(c) and (e)). However, our
thin and long shapes preclude adding more levels to actually
show bundle hierarchies likeeg.in cushion treemaps.

3.6. Interaction

By construction, EBLs favor edge overlaps (S2%.so oc-
clusion cannot be fully avoided. We alleviate this by sev-
eral interaction techniques. First, we use classical lingsh

to render pixel-thin edges in the shape under the mouse. This
shows the nodes linked by a given bundle, even if only a

clutter caused by transparency, we use grayscale images. Alsmall part of the bundle is visible. Clicking on a shape tsing
though less salient than the previous styles, outlines mre a it to front, sends it to back, or hides it. This helps bringing
useful visual cue of overall structure, especially when €om bundles of interest into focus.

bined with interaction techniques.

Finally, we explored the possibility to add more visual

We add a new interaction tool to further explore over-
lapping bundles: the digging lens. Given a focus point
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A B

R R R

Figure 7: The digging lens is used to interactively explore areas wisbapes overlap. Insets show zoomed-in details.

(the mouse pointer), and a pixel within the lens radius rendering (Fig8 b). Clusters contain only same-type edges
R, kp xk < R, we upper threshold the pro leld(p) with (Sec.3.2) and are colored on this type. We see now that mem-
Hmin = t[1  (kp szR)Z] for all visible shapes, where ber read/write relations form localized bundles not extend

t = 0:8 gives the maximal thinning in the lens center. This ing across classes (small light blue bumps, egethe light
smoothly shrinks shapes closer to the lens center, along theblue arrow in (b)). This is a good sign for information hid-
idea shown in Fig4 f (Sec.3.4). We set the shapes' satura- ing. Also, two red bundles appear. With two clicks, we bring
tion to 1 in the lens and 0 outside. As the lens moves, shapeghese to front (b). We now see two separate subsystems in
inside it get thinner (thus have less overlap) and also €olor A connected to two separate subsystems.irfror illustra-

ful (thus easy to focus on without distraction from outside tion, we click on one of the two bundleé{B;) and change
shapes). As the user moves the mouse inside the lens, we adits color to blue (Fig8 c). We have now split the original
tomatically bring to front the shapes touched by the mouse. red bundle into two relation seté;B; and A>B,. Fig. 8 d
shows further insight in the clustering: all bundles cotbre
with different hues and overlaid with the actual pixel-thin
edges. Albeit brief for space limitations, this examplasH
trates one main point: Classical edge bundles, like HEB, ef-
fectively show coarse-scale subsystem connections, but do
not expose the ner-scale coupling structure within busdle
IBEB further reveals this structure, by showing where dctua
edges that 'enter' the bundle will 'exit'.

Figure7 shows the digging lens. At the thin circle location
(a), we see bundle overlaps. This cue triggers further explo
ration. For example, we want to see what is behind the blue
bundle (A, inset). Activating the lens (by pressing Control
shows eight clusters, made distinct by shrinking and color-
ing (b). Moving the mouse ovez.g.the red bundle (B, see
inset) brings it to front, so we now see that it connects the
node groupNi,N> and N3 (c). The entire process takes a
few seconds and requires one key and one mouse click. Al- |IBEB can be used with other layouts than the HEB. Fig-
though useful, the digging lens cannot fully handle all poss  ure 9 shows its usage with the FDB on the 'US migrations’
ble overlaps: Where long bundles of same thickness overlapgraph from HvWO09] (9780 edges). As a small addition to
nearly completely, the lens will shrink them equally, andisth ~ the edge splatting (Se&.3), we now splat two extra ra-
not reveal the hidden bundles. The lens is effective in jglace dial pro les on both endpoints of an edge. This yields nicely
where bundles overlap but have slightly different direatio  rounded (capped) bundle shapes.

and/or thicknesses. o ]
Compared to the original FDB (Fig ref g:ho09 a), IBEB

4. Results exposes several bundlesg.the green one (West Coast mi-

Figure8 shows the IBEB applied to the software dependency drations), yellow one (coast-to-coast migrations), a high
graph from Sec3.5. As a use-case, we consider analyzing density small purple one (East Coast NY area), and an in-
type usaggi.e.inheriting from a class or using its type (func- teresting high-density, high-coherence blue one (NY area
tionality) in client code. This is one of the hardest kinds t0 midwest migration). Figur® c uses the alternative thin

of dependencies to refactor in software. To analyze differ- Shapes technique (cf. Seg.4 Fig. 4 f) to further empha-

ent coupling types, we rst use the HEB with type-colored size coarse graph structure. Here, we brought the coast-to-
edges (calls=yellow, class member reads/writes=blues typ coast bundle (purple) in front. Finally, Fi§d uses theores
usage=red) (Fig8 a). We see a thick red bundle that links style to emphasize structure and also reduce occlusioim All
subsystem# andB. However, without iterative node selec- all, we argue that the IBEB helps exposing coarse-scale bun-
tion, we cannot see whigbarts of A connect to whictparts dle patterns, and seeing which nodes these bundles connect,
of B. Also, edge color blending makes it hard to see edge While the original FEB is better at exposing ne-scale distai
types at overlaps (arrow in the gure). in regions with little or no overlaps.

Next, we use the IBEB with convex shading and bi-level  To further understand the IBEB strong and weak points,
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O member
uses

[calls
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Wtype
B

uses

0 d)

Figure 8: Software dependency graph exploration with IBEB (see §ec.

a)

<)

b)

d)

Figure 9: Image-based visualization of force-directed bundling BjDayouts

we performed a formative user study. Twenf9 $ear CS
students at the Univ. of Groningen, the Netherlands, were
given the IBEB implemented atop of a software analysis tool
using the HEB $0l09. The tool imports dependency graphs
(inheritance, class eld usage, function calls, and comtai
ment hierarchy) from Visual C++, .NET/C#, and Java. The
C# software discussed earlier was provided by the tool de-
velopers as an interesting use-case. Participants weee ask
to nd dependencies between several indicated modulés; lis
the four most important call and eld usage paths in the sys-
tem; and comment on the overall system modularity. Search,
Iter, and node selection (available in the original toolgre
disabled, so the tasks had to be completed mainly focusing

Classical HEB is very effective when (a) there are few
bundle overlaps, or (b) one does not need to visually de-
termine whichpartsof a large bundle go to which speci ¢
node groups;

Although overlap exists, IBEB reveals several end-to-end
(node-to-node) coarse-scale bundles which are not visible
with classical HEB;

The digging lens is effective in locally unraveling oc-
cluded bundles at a location of interest;

The IBEB has an 'organic' look which is pleasing and in-
vites exploration.

Overall, the IBEB combines the advantages of HEB with

on edges. One week was given to familiarize with the tool ap easier understanding dénsebundies. In the traditional

(which has a detailed manual) and execute the tasks. Effec-ygp, a thick, dense, bundle is seen as such but one cannot di-
tive usage time was 5 to 8 hours. The images in &igome rectly see whether there is ner-level structueegy.the bun-
from this study. dle actually consists of several sub-bundles which connect
different node groups, like in Fig8. This can be done by
Besides the actual answers, the following points were a trial-and-error selection of individual nodes to see dith
mentioned by all users (except two who did not complete edges indeed pass through the bundle of interest. Such se-
the study): lection is easily done in the HEB, but harder in layouts that

¢ 2010 The Author(s)
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draw nodes as small points,g.the FDB. In contrast, IBEB
makes bundles explicitly, and individually, visible, scets

similarly to [CZCEO0§. We compute distances for the shad-
ing proles H (Sec.3.3 with a fast spatial search struc-

can easier relate bundles to the nodes they connect. The facture [AM93]. Speed is similar to the image-based variant.

that IBEB shows less ne-scale detail than the HEB does not

However, the alpha value (of alpha shapes) is hard to con-

seem to be a major problem, as individual edges are mainlytrol [EM94]: High values Il in all gaps between bundle
explored once one has decided which few node(s) one wantsbranches, low values yield holes inside what would be a com-

to inspect. When this is known, both the HEB and IBEB are
equally effective - in IBEB, brushing over a node and/or bun-
dle highlights its edges, drawn as individual lines, just iin

pact branch. Resulting alpha shapes are rendered as shaded
triangulated meshes. To yield the level-of-detail iand H
achieved by the image-based variant, we need a very high

the HEB. For the several selection and brushing features wemesh resolution. All in all, we thus prefer the image-based

support, we refer togol09.

Our users also mentioned several desirable additions.

First, although shading and back-to-front rendering were
seen as effective, overlaps still exist. The digging leriphe
to analyze overlaps, but only locally. Secondly, edge direc
tion cues are required. We tried several methods for éhis,
luminance or saturation modulation of our bundle shapes, bu
this was found to darken images too much. Further work in
this area is needed.

5. Discussion
We next discuss several technical aspects of our method.

Generality: The only assumption made is that of a graph

approach.

Visual metaphor: The IBEBconvexrendering style resem-
bles the shaded edge bundles in illustrative parallel ¢oord
nates (IPC)}MMO08], with some differences. Our shapes have

a much higher variability, depending on the EBL used. We
use hierarchical agglomerative clustering, while IPC dses
means. We use skeletons in shading to emphasize the bun-
dles' branching structure, to reduce overlaps (shrink shap
globally or locally by the digging lens), and for theresren-
dering style. IPC uses different shapes and a shading style
that mainly emphasizes line density.

Open points: The IBEB's main limitation isvisual scalabil-
ity. Using 10..30 shapes shows the coarse graph structure.
More shapes create too many overlaps. However, we aim to

layout that delivers points along edges, and that edges arergyide a simpli ed view, not a full-blown replacement for

spatially bundled in a meaningful way. The layout and/or in-
put graph do not need to obey other constraiatg, to be
hierarchic or acyclic.

Parameters: The user has to set only a few values: level of
detail dmin (Sec.3.2), splatting radiusl (Sec.3.3), and ren-
dering style (Sec3.4). Here, only the level of detail does not
have, so far, a preset usable for most datasets.

Performance: We ran the IBEB, implemented in C++ and
OpenGL 1.1, on several systems running Windows Vista/XP,
1.5 to 3.5 GHz, and 2 GB to 4 GB RAM. The clustering
used HINMO4] handles 10..20K edges in under 0.1 seconds.
Splatting, shading, rendering, and interaction (OpenGL-

based) run in real-time on consumer graphics cards. We ob-
tained real-time response even with Windows Remote Desk-

top rendering, which uses software-only OpenGL. Skele-
tonization, whose complexity idlogN for a binary shapé

of N pixels (Sec3.4), takes 90% of the entire time. For sim-
plicity, we used a software-only implementatiofiviV02]
which takes 0.1 seconds/shape at Bessolution,i.e. 1..2
seconds for a typical full frame. If desired, OpenGL-based
skeletonization$T03 can be readily used, which would de-

bundled edges.

A useful result implies meaningful bundle shapes. This im-
plies an edge bundling layout (EBL) that spatially groups
related edges, and a clustering method (and edge similar-
ity metric d) that yields meaningful edge clusters. The EBL
and clustering used are genericg.the HEB or FDB (lay-

out) and hierarchical agglomerativelomeans (clustering).
Howeverd is application and task dependent. So far, we only
considered edge types th Attributes such as edge weights
or node types are open to exploration.

Finally, we stress that we select the visualization level-o
detail globally, and, so far, use only a single 'cut' in thasl

ter tree, purely based on similarity (S&2). Locally re n-

ing bundles of interesg.g.on user input, thus changing the
shape of the cut, is a direction of further study. Here, we can
draw inspiration from the interactive navigation techrégu
from [AMAOQ8] for exploration of graphs structured along
multiple hierarchies.
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Image-based vs geometric implementationAfter edge
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mented a point cloud-based (geometric) version. We build
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edgeseg; in a clusterC;, using the CGAL library CGA09,
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6. Conclusions

We have presented an image-based simpli ed visualization
for edge bundles (IBEB). Given a layout that creates spa-
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tially close edge bundles, we visualize bundles using ghade

overlapping compact shapes. We reduce the visual complex-

ity of classical bundle visualizations, emphasize coarsge
structure, and help navigating from bundles to the condecte
nodes. We make bundle overlaps explicit, and add interac-
tion to locally disambiguate these. Level-of-detail teicjues
help to select the visualization granularity and further ex
plore overlaps.

Many extensions are possible. Different shading and edge

clustering strategies can be used to address additional use

casesg.g.emphasize connections of particular types and/or
topologies in a graph. New techniques can be designed to
convey additional edge data such as direction or metrigs ato
of our metaphor. Finally, the IBEB can be extended to other
elds, such as ow or tensor visualization. We plan to ex-
plore these avenues in future work.
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