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Hierarchical Drawing

� Input:

� vertices occur on (few) horizontal lines

� edges directed upwards

� edge crossings minimized

� edges as short as possible

� vertices evenly spaced

Desirable Properties.

Criteria can be contradictory!
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Hierarchical Drawing – Applications
yEd Gallery: Java profiler JProfiler using yFiles

Source: ”Design Considerations for Optimizing
Storyline Visualizations”Tanahashi et al.

Hierarchical Drawing – Applications

Source: Visualization that won
the Graph Drawing Contest 2016. Klawitter & Mchedlidze
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Step 1: Cycle breaking
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Approach.
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Approach.

� Find minimum set E? of edges which are not upwards.

� Remove E? and insert reversed edges.

Problem Minimum Feedback Arc Set (FAS).

� Input:

� Output:

directed graph G = (V,E)

min. set E? ⊆ E, so that G− E? acyclic
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Visualization of Graphs

Part IV:
Crossing Minimisation

Jonathan Klawitter

Lecture 7:
Hierarchical Layouts:
Sugiyama Framework
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Iterative Crossing Reduction – Idea
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Observation.

The number of crossings only depends on permutations of adjacent layers.
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Iterative Crossing Reduction – Algorithm

(1) choose a random permutation of L1

(2) iteratively consider adjacent layers Li and Li+1

(3) minimize crossings by permuting Li+1 and keeping Li fixed

(4) repeat steps (2)–(3) in the reverse order (starting from Lh)

(5) repeat steps (2)–(4) until no further improvement is achieved

(6) repeat steps (1)–(5) with different starting permutations
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Iterative Crossing Reduction – Algorithm
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One-Sided Crossing Minimization

Problem.

� Input:

� Output:

bipartite graph G = (L1 ∪ L2, E),
permutation π1 on L1
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Barycenter Heuristic
[Sugiyama et al. ’81]

� Intuition: few intersections occur when vertices are close to their neighbors
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Median Heuristic
[Eades & Wormald ’94]

� {v1, . . . , vk} := N(u) with π1(v1) < π1(v2) < · · · < π1(vk)

�

x2(u) := med(u) :=

{
0 when N(u) = ∅
π1(vdk/2e) otherwise

� Move vertices u und v by small δ, when x2(u) = x2(v)

�
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[Jünger & Mutzel, ’97]

� Constant cij := # crossings between edges incident
to vi or vj when π2(vi) < π2(vj)

� Variable xij for each 1 ≤ i < j ≤ n2 := |L2|

xij =

{
1 when π2(vi) < π2(vj)
0 otherwise

� The number of crossings of a permutations π2

cross(π2) =
n2−1∑
i=1

n2∑
j=i+1

(cij − cji)xij +
n2−1∑
i=1

n2∑
j=i+1

cji︸ ︷︷ ︸
constant

vi vj



27 - 6

Integer Linear Program
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Part V:
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Step 4: Vertex Positioning

Goal.
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Classical Approach – Sugiyama Framework
[Sugiyama, Tagawa, Toda ’81]
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