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ABSTRACT

Nowadays, the demand for multi-scale and region-based analysis in many computer
vision and pattern recognition applications is obvious. No one would consider a pixelbased approach as a good candidate to solve such problems. To meet this need, the
Mathematical Morphology (MM) framework has supplied region-based hierarchical
representations of images such as the Tree of Shapes (ToS). The ToS represents the image
in terms of a tree of the inclusion of its level-lines. The ToS is thus self-dual and contrastchange invariant which make it well-adapted for high-level image processing. Yet, it is
only defined on grayscale images and most attempts to extend it on multivariate images e.g. by imposing an “arbitrary” total ordering - are not satisfactory.
In this dissertation, we present the Multivariate Tree of Shapes (MToS) as a novel
approach to extend the grayscale ToS on multivariate images. This representation is a mix
of the ToS’s computed marginally on each channel of the image; it aims at merging the
marginal shapes in a “sensible” way by preserving the maximum number of inclusion.
The method proposed has theoretical foundations expressing the ToS in terms of a
topographic map of the curvilinear total variation computed from the image border;
which has allowed its extension on multivariate data. In addition, the MToS features
similar properties as the grayscale ToS, the most important one being its invariance to
any marginal change of contrast and any marginal inversion of contrast (a somewhat
“self-duality” in the multidimensional case).
As the need for efficient image processing techniques is obvious regarding the larger
and larger amount of data to process, we propose an efficient algorithm that can be build
the MToS in quasi-linear time w.r.t. the number of pixels and quadratic w.r.t. the number
of channels. We also propose tree-based processing algorithms to demonstrate in practice,
that the MToS is a versatile, easy-to-use, and efficient structure.
Eventually, to validate the soundness of our approach, we propose some experiments
testing the robustness of the structure to non-relevant components (e.g. with noise or
with low dynamics) and we show that such defaults do not affect the overall structure of
the MToS. In addition, we propose many real-case applications using the MToS. Many of
them are just a slight modification of methods employing the “regular” ToS and adapted
to our new structure. For example, we successfully use the MToS for image filtering,
image simplification, image segmentation, image classification and object detection.
From these applications, we show that the MToS generally outperforms its ToS-based
counterpart, demonstrating the potential of our approach.
Keywords: Tree of Shapes, connected operators, mathematical morphology, level sets,
hierarchies, multivariate images, color images.
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1

INTRODUCTION

When image processing meets a higher level of understanding to become pattern recognition
or computer vision, it is no longer sufficient to work at the pixel level. To retrieve some
relevant information from images, e.g. for object detection, one needs to consider a local
context (patch) or a region, generally at different scales. One may also need to know
how these objects are related together, e.g. in scene understanding applications. Long
story short, we require a representation of the image that renders its content and its
organization. This one should enable:
• a multi-scale analysis of the image objects
• a spatial analysis of the image organization (in terms of objects inclusion or adjacency)
In this context, the Mathematical Morphology (MM) framework proposes tree-based
image representations that fulfill previous requirements and feature also other interesting
properties. They are typically of two kinds: hierarchies of segmentation and trees based
on the threshold decomposition. They represent two different semantics. Hierarchies
of segmentation render the adjacency of components, while component-trees describe
how objects are included in each other. We are particularly interested in this second class
because of their properties.
There are actually three kinds of trees based on the threshold decomposition: min-trees,
max-trees, and Tree of Shapes (ToS). The min- and max-trees are the support for contrast
invariant and morphological connected operators. In other words: 1. they are based on
the inclusion of connected components, so filtering these trees is a connected operation
that does not move the object boundaries [112]; 2. they are invariant by any contrast
change. Yet, they are not invariant to illumination change but robust to local change of
contrast as we expect the components to remain globally the same. The ToS [32, 28] (also
known as tree of level lines) features the same properties as the min- and max-tree but
it is also invariant by inversion of contrast. It can actually be seen as the “merge” of
information hold by both min- and max-trees. This feature implies that: 3. it is a self-dual
representation of the image. This is fundamental in a context where structures may
appear both on a brighter background or on a lighter one or if we cannot (do not want)
make any assumption about the object/background layout. Self-dual operators have the
ability to deal with both dark and light objects in a symmetric way [53, 117]; 4. it allows
a simple multiscale analysis of the image since the shapes are organized in a tree w.r.t.
their inclusion; 5. the level lines describe object boundaries in a non-local way. Contrary
to many key-point detectors which rely on local information, level lines may be large
Jordan close curves, tangent to the gradient, and fitting object contours [20].
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Hierarchies of segmentation and threshold-decomposition-based trees are both widely
used in the MM community and the choice of one representation versus another is
application-dependant. In other words, our matter is not to say that a representation is
better than the other (experts have to choose the right tool for their problems), but we
aim at studying their ability to handle non-standard images. In particular, when the data
to process is not a simple grayscale image.
With the wide variety of acquisition devices comes a wide range of different types of
images to process. We focus on images where pixels are not scalar. In the following, we
restrict ourselves on 2D images; yet everything presented in this report naturally applies
to nD images. A well-known case of non-grayscale images is natural images acquired
by cameras. Standard cameras output 24-bits 3-channel RGB images; one channel for
each type of its red, green, and blue sensors. In computer graphics, it is also common
to have an extra Alpha channel for transparency so that we are working on 4-channel
RGB-A images. More recently, new devices such as Kinects allowed to render 3D spaces
through a Depth component. Such devices produce 4-channel RGB-D images where the
quantization of the depth channel is generally higher than for color channels. In medical
imaging, the same object may be acquired with different type of scanners, e.g. PET and
CT scans, yielding bi-modal or multi-modal images. To finish, another example can be
found in the field of satellite imaging and remote sensing, where experts have to analyze
images at multiple wavelengths of electromagnetic radiation (multispectral imaging).
Some devices also produce images which narrow spectral bands over a continuous
spectral range (hyperspectral and ultraspectral imaging). Through these examples, we
see the need for hierarchical representations of multivariate images.
On one hand, hierarchies of segmentation, which belong to the large class of hierarchical
clustering methods, can easily be extended on multivariate data. Indeed, they rely on
the notion of distances between pixels (or regions of pixel) in order to merge them
incrementally into groups. There exist many distance functions between vectors that
make sense, even if they actually depend of the image data type. For example, the ∆E
distance, defined in the La*b* colorspace, is a rather “correct” measure between different
colors as it is close to our “human” way of perceiving colors.
On the other hand, component-trees based on the threshold decomposition principle
require a total ordering of values. Indeed, they rely on the inclusion of lower and upper
level sets, which are nested only if the ordering is total.
As a consequence, many authors have been involved in defining a sensible total
ordering on multivariate data. There exists a large amount of literature about the way of
ordering colors (or more generally vectors). We distinguish two kind of approaches: the
ones that try to get an ordering of the whole vector space and the others that only try to
order the co-domain of the image (i.e., only the set of values taken by the image). In the
first group, the best-known total orderings are the lexicographical ordering, orderings
based on the distance to a reference vector (or a reference sets of colors), or space-filling
curves. Any method in this category is actually subject to the following problem: there
will always exist two close points in the original high-dimensional space with a strong
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discontinuity once projected on the 1D curve. That is why, some authors have investigated
the second class of approaches: image-dependant total ordering. For example, Lezoray et
al. [74] use manifold learning for dimensionality reduction in order to get best projection
curve fitting the data; Chevallier and Angulo [35] use the same idea but with a clustering
approach, etc. The problem with these approaches lies in the loss of some algebraic
properties of the morphological operators built from them (e.g., idempotence or duality).
It motivates the fact we should not impose an “arbitrary” total order.
Passat and Naegel [102] were the first to investigate component-trees with a partial
order. Actually, (except if the partial order is actually a lower or upper piece-wise total
order), this partial order yields a much more complex structure which is no longer a
tree but a graph. Apart from being expensive to compute, it also implies new filtering
algorithms, new reconstructions strategies, and so on. In other words, it requires to adapt
the whole component-tree framework (i.e., segmentation, simplification, object detection
methods. . . ) to this new component-graph structure. It motivates the desire for a tree to
manipulate than a graph.
Problem statement
Once a total ordering is defined on values, the ToS can be computed, but we would lack
some properties depending on the ordering used. Moreover, there is no actual consensus
in the community about which total ordering makes “sense” the most. On the other hand,
with the same idea of Passat and Naegel [102], the component-graph could be extended
to the ToS by considering every partial cut but we would then get a graph. In order to
take part of the large literature about methods working on component-trees, we really
prefer manipulating a tree instead of the graph.
The problem and the subject of this dissertation is how to get a tree for multivariate
images which shares the properties with the ToS and without imposing any “arbitrary” total
ordering?
Solution and contribution
The solution we propose is the Multivariate Tree of Shapes (MToS). Instead of defining a
new total order, our method tries to merge some shapes computed marginally in the most
“sensitive” way so that they finally form a tree. To that aim, an intermediate structure
is introduced, the Graph of Shapes (GoS), from which the MToS is extracted using the
graph topology only. The large context of our work is thus graph-based morphological
representations of images, as reviewed in [93]. Our MToS features similar properties as
the grayscale ToS. In particular, it is invariant to any marginal inversion or change of
constrast of the image. Consequently, the contributions of this work are:
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• a new hierarchical structure, the MToS, extending the ToS to multivariate images
which features similar properties to the grayscale ToS, and, in particular, the
invariance to any marginal inversion or change of constrast of the image;
• the proofs and the theoretical validity of our approach;
• efficient algorithms that enable to compute the MToS in quasi-linear time w.r.t. the
number of pixels (and quadratics in the number of channels);
• the practical validity of our approach through applications covering different
fields of image processing and computer vision, including: image filtering, object
detection, image simplification, interactive and automatic segmentation, satellite
image classification.
manuscript organization
This dissertation is divided into three main parts. Part i introduces the main concepts
of the work presented here: the hierarchical representations available with the MM
framework and how they are related to multivariate data handling.
• Chapter 2: Hierarchical Clustering Approaches. This chapter is a quick review of
the first type hierarchical representation offered by the MM framework, namely
the hierarchies of segmentation. We discuss in this chapter the best-known structures,
i.e., the α-tree [118], the Binary Partition Tree (BPT) [111], and the hierarchical
watershed [16]. We also highlight why they are interesting by describing some
advanced manipulations available on those hierarchies, in particular, hierarchy
re-weighting [52] and energy optimization on hierarchies [62].
• Chapter 3: Trees Based on the Threshold Decomposition. This chapter is a review
of morphological hierarchies based on the threshold decomposition principle: the
min- and max-trees [59] and the Tree of Shapes (ToS) [31], and highlights the
difference in semantics with the hierarchies of segmentation. In this chapter, we also
present the different strategies for filtering and reconstructing from these trees [114,
124].
• Chapter 4: Morphological Trees Extended to Multivariate Images. In this chapter,
we review the classical approaches for extending the ToS on multivariate images.
Since the problem lies in the lack of total orderings on the data, we review the
“standard” approaches to impose a total ordering on vectors and their limitations.
When the ordering relation lacks the anti-symmetry (i.e., a preorder), the corresponding component trees and ToS may have nodes associated with different colors
(vectors). This fact makes the reconstruction process more difficult as there is not a
unique filtering value. As a consequence, we also review the different reconstruction
strategies in the case of preorders.
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• Chapter 5: Component Graphs. In this chapter, we review the new approach of
Passat and Naegel [102] about the component-graph. They are the first to propose an
extension of component-trees to partial orders. Their new structure, the componentgraph can be easily transposed for the ToS as well. We also discuss in this chapter
about the extra-complexity (both in terms of computational efficiency and ease-ofuse) involved in manipulating a graph instead of a tree for the construction, the
filtering and the reconstruction.
Part ii of this dissertation is the fundamental contribution of this work. It introduces
our new approach to adapt the ToS on multivariate images.
• Chapter 6: The Multivariate Tree of Shapes (MToS). In this chapter, we introduce
our new structure: the Multivariate Tree of Shapes (MToS). We present in this
chapter an in-depth description of the method and the rational of the construction
process.
• Chapter 7: Properties of the MToS. The MToS has properties similar to the grayscale ToS, in particular, it is invariant to any marginal change or inversion of contrast
of the image; which is what we consider as “self-duality” in the multivariate case. In
this chapter, we prove that the method delivers a tree with the expected properties.
• Chapter 8: MToS Computation Algorithm. This chapter is dedicated to the algorithms involved in the computation of the ToS. We also provide a complexity
analysis of the algorithms, as well as optimization tricks that makes the construction
of the MToS in quasi-linear time w.r.t. the number of pixels and quadratics in the
number of channels.
• Chapter 9: Empirical validation of the MToS. This chapter is an empirical validation of our structure. In particular, we compare our approach with other “standard”
approaches extending the ToS on multivariate data in the case of image simplification. This chapter also provides some experiments about the validity of the
structure in the presence of noise or when mixing channels with different dynamics,
showing the robustness of the MToS to these “defaults”.
In part iii, we show some applications using the MToS that validate practically the
merits of our approach.
• Chapter 10: Image filtering. In this chapter, we propose to use the ToS for filtering
purposes. We show how basic tree processing such as grain filters can be used for
image simplification and document layout extraction. We have also applied the
recent work of Xu et al. [144] about shapings that enables advanced type of filtering
in a simple framework. This work has been applied in the context of filament
filtering in bronchial cytology images.
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• Chapter 11: Image Segmentation and Classification. In this chapter, we propose
to use the MToS for image segmentation and classification. Three applications are
depicted. The first one is an interactive image segmentation method where the
user has to add some scribbles to the image to tag background and foreground
areas, and the segmentation is done through tags propagation on the MToS. An
automatic segmentation method is also proposed as an extension, as well as a
way to get hierarchies of segmentation from the MToS. The second application
is the document detection in videos in the scope of the ICDAR competition on
Smartphone Document Capture and OCR. Our method, based on object filtering
in the MToS obtained the first place of the challenge. The last application is the
classification of hyperspectral images based on attributes profiles computed over
the MToS.
In Chapter 12: Conclusion and perspectives., we conclude this dissertation by a
quick review of our novel approach extending the ToS on multivariate images, and the
applications developed with it. We also present some possible improvements and future
research on these applications. Eventually, we also give some suggestions for additional
studies about algebraic aspects of the MToS.

Part I
A REVIEW OF CLASSICAL IMAGE HIERARCHIES

2

HIERARCHICAL CLUSTERING APPROACHES

The Mathematical Morphology (MM) framework offers two types of tree-based image
representation: trees based on the threshold decomposition of the image and, hierarchies
of segmentation also known as hierarchies of partition and pyramids [58]. The former
will be discussed in chapter 3 while the later is the topic of this chapter. While hierarchies
of segmentation are not new in image processing (the quadtree has been popularized
in the 70’s [57, 121]), they have recently got a regain of interest due to recent advances
on energy optimization on hierarchies [52, 62, 116]. It has been shown to be useful for
many applications such as simplification, segmentation [10, 22], image compression for
thumbnail creation [111], etc.
A partition π of an image u : Ω → F is a set of components { C1 , . . . , Cn } such that
∪Ci = Ω and any two components are disjoint. We say that πi is a refinement of π j
(and we note πi ⊑ π j ) if ∀ A ∈ πi , ∃ B ∈ π j such that A ⊆ B. Then, given the family
H = {πi , 0 ≤ i ≤ n | πi ⊑ πi+1 }, H forms a hierarchy. The finer partition π0 is the leaves
and πn = { Ω } is the root. Thus, the family H forms a chain of fine to coarse partitions.
This is illustrated in fig. 13 where the hierarchy is represented by a dendrogram. In fact,
the hierarchy provides a reduced search space for candidate regions of interest that might
be useful for object spotting applications.
In this chapter, we will review in section 2.1 the classical hierarchies of segmentation
used in MM. We will see that they share a same scheme; they are bottom-up clustering
methods and that they have no troubles in dealing with multivariate data. In section 2.2,
we will review some standard processings with those hierarchies.
2.1 well-known hierarchies of segmentations
In this chapter, we will consider the image in a graph framework. An image is a
vertex/edge-weighted graph (V, E) where V, the set of vertices, stands for the pixels of the image and E, the set of edges, stands for the connection (4- or 8- connectivity).
The weight of the vertex p is u( p) (the original pixel value), and edges are weighted by a
dissimilarity measure ∆( p, q) between to vertices p and q.
Because the clustering algorithms we will present only require a total ordering on the
edges’ weights and not on vertices’, working with multivariate data is not real issue. Any
sensible distance between colors (or vectors) would make the deal perfectly (e.g. the CIE
∆E on the La*b* space).
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Ω

{c}
{d}

{a}

{e}

{b}

{h}

{i}

{j}

{k}
{f }
{g}

{a} {b}

{c} {d}

{e}

{f } {g}

{h} {i}

{j} {k}

The family H of partitions is:
π0
π1

{{ a}, {b}, {c}, {d}, {e}, { f }, { g}, {h}, {i }, { j}, {k}}

π2
π3
π4

{{ a, b}, {c, d}, {e}, { f , g}, {h, i }, { j, k}}
{{ a, b}, {c, d, e}, { f , g}, {h, i, j, k}}
{{ a, b, c, d, e}, { f , g, h, i, j, k}}

{Ω}

Figure 13: Example of a hierarchy of segmentation represented with a dendrogram.
(Illustration from [62])
2.1.1

α-tree and minimum spaning tree

The α-tree [98], also known as quasi-flat zone hierarchy [84], relies on the notion of
α-connectivity (or quasi-flat zone) to build a hierarchy [118]. We say that two vertices p
and q are α-connected if there exists a path P from p to q such that max( p,q)∈ P ∆( p, q) ≤ α.
It is straightforward that the α-connectivity defines an equivalence relation since it is
reflexive, symmetric and transitive. We can then define α-connected components (α-CC )
which are the equivalence classes issued from the α-connectivity, i.e., the maximal sets of
points that are α-connected.
When α grows, two quasi-flat zones of lower α may merge to form a single region.
As a consequence, the chain of partitions produced by the al pha-connected components
forms hierarchy. This is illustrated on fig. 14. The measure used to weigh edges is
∆( p, q) = |u( p) − u(q)|. As one can see, there is a refinement from the 3-CC which is the
whole image to the partition of 0-CC which is the partition of flat zones. The quasi-flat
zones can thus be organized in a tree as shown in fig. 14e.
Note that when two regions A and B merge into AB, the distance from AB to another
region C is the minimum of the distances of the subgroups to C (the edges other than
the one of minimal weight are actually useless). This is why in the machine learning
community, the α-tree is more commonly called single-linkage clustering and from
an implementation point of view, it is closely related to the Kruskal’s algorithm for
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(e) Finest partition of flat zones (left) and the associated α-tree (right).

Figure 14: The hierarchy of quasi-flat zones illustrated on a 4 × 4 image.
minimum spanning trees which iteratively selects the edge of minimal weight to merge
components [95].
The hierarchy of quasi-flat zones is well-known to have two major problems. The first
one is the chaining-effect in regions with low gradients (e.g., in blue sky) which makes
the clusters grow fast and lead to heterogeneous regions even at the bottom of the tree.
The second problem arises on noisy images. Because noise has a strong gradient with
the surrounding region, it merges lately in the hierarchy and creates isolated, small
regions in the segmentation. The same problem arises on region boundaries where the
transitions are not sharp enough and edge pixels are isolated as well. For these reasons,
a segmentation produced from the α-tree needs a bit of post-processing to remove those
small regions.
2.1.2 Binary Partition Tree (BPT)
The α-tree presented in section 2.1.1 is actually a particular case of the BPT where the
distance between two regions is the minimum of the gradient along the boundary of
those regions. In the Binary Partition Tree (BPT) construction process, proposed by [111],
one can introduce other merging criteria, for example, the homogeneity of two regions,
or their shapes. The construction of the tree is thus driven by the merging criterion, and
so by the final objective. Indeed, two important aspects of the method lie in the merging
order and the region model, thus depends on the application (see [129, 113]).
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Figure 15: The Binary Partition Tree (BPT) illustrated on an example.
Just like the α-tree, the BPT starts from an initial partition of the image (partition from
the flat-zones or computed by a super-pixel algorithm). However, the α-tree does not
require to update weights and distances during the link step of the algorithm, whereas
the BPT generally does. The difference with the α-tree is illustrated on fig. 15. We use

2.1 well-known hierarchies of segmentations

the same original image as for fig. 14. We start from the initial partition given by the
flat-zones and valuate edges with the variance as a cost to merge two regions. As for the
Kruskal’s minimum spanning tree algorithm, we iteratively select the edges of minimal
weight, but once two regions merge, we have to update the value of the edges connecting
with the neighbors by computing the new variance (see fig. 15c).
2.1.3 Hierarchies of watershed
The watershed transformation [17] is the best-known morphological method for image
segmentation. The basic idea being this method is to consider the image as a topographical
surface and picturing water falling on it. Each drop of water will end in a catchment basin
which are the local minima of the image. Each catchment basin thus has an influence area
which attracts the drops. It defines a partition of the image in terms of those influence
areas.
There exist many formulations of the problem as “watershed” denotes actually a class
of algorithms. For example, Vincent and Soille [131] use an algorithm computing the
geodesic influence zone of the catchment basins, Meyer [83] uses an immersion algorithm
that expands the set of minima while keeping the same number of connected components
as the number of minima. More recently the topological watershed [38, 39] has been
introduced to overcome some issues related to the placement of the watershed lines
separating two catchment basins. More precisely, one would like have the pass value (the
level when two basins merge) to be on the contour of the regions. As noted in [92], this
property is important to compute some measure of contrast between the basins, which is
at the basis of hierarchical watersheds.
Beucher [16] introduced the first hierarchy of segmentation based on watersheds.
Given an initial partition of the image (given by a watershed transform algorithm), they
successively simplify the partition by removing the mimima of the image. The order of
removal of the minima actually implies the merging order of the catchment basins and
defines a hierarchical clustering, so one needs to define a “persistence” measure of each
minimum.
In [16], the authors use the dynamics [49] of the basin as the merging criterion.
Basically, the dynamics of a minimum is the elevation distance that one must climb to
reach another catchment basin, i.e., this is the passing value minus the level of the current
local minimum. In [92], other criteria are proposed such as the volume or the area (they
have shown better performance in [105]), but any other attribute could be used. An
example of hierarchies of segmentation based on the watershed is depicted in fig. 16
through saliency maps, i.e., the region boundaries are weighed by their level of merging
in the hierarchy. Just like with the dendrogram representation, any cut in the saliency
map yields a partition of the image. Figure 16 also shows the importance of the criterion
chosen to build the hierarchy. Indeed, the flooding by dynamics fails to correctly segment
the ducks in the coarsest partition which splits the background into two parts. On the
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contrary, flooding by area and volume give the ducks as the most salient objects, so they
merge lately with the background in the hierarchy.

Figure 16: Hierarchies of watershed. Top left: original, top right: flooding by dynamics,
bottom left: flooding by area, bottom right: flooding by volume. Hierarchies
are represented through their saliency map.

2.2

processing and transforming hierarchies

2.2.1 Horizontal and non-horizontal cuts
Given a hierarchy H = { π0 , . . . , πn }, any partition of π = { C1 , . . . , Cn } defines a cut
on the hierarchy, if every Ci is a class of H . If π ∈ H, the cut is said to be “horizontal”
as it means cutting the hierarchy at a given level (or equivalently, thresholding the
corresponding saliency map). On the other hand, the partition may be associated with
several components from different πi so that different levels of the hierarchy may be
involved. This is illustrated on fig. 17. The horizontal green cut gives the partition π2
which was originally in the family H (see fig. 13) while the non-horizontal red cut gives
a new partition that was not in H and grows the size of the search space for possible
segmentation.

2.2 processing and transforming hierarchies
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Figure 17: Horizontal and non-horizontal cut on a hierarchy.
2.2.2 Reweighing and energy optimization on hierarchies
We have seen in section 2.1.3 that some merging criteria (flooding by area, volume,
dynamics. . . ) could affect the quality of the resulting hierarchy of watershed. This can be
seen as a way of reweighing the hierarchy.
In section 2.1.1, we have introduced a hierarchical structure based on the notion
of quasi-flat zones, namely the α-tree. In [118], the authors proposed the constrainedconnectivity, as well as a way to modify the original hierarchy indexed by α to a new
hierarchy indexed by the bounded variation ω of the component to limit the linking effect.
More formally, the bounded variation BV is defined as:
BV (Γ) = max u( x ) − min u( x )
x ∈Γ

x ∈Γ

The ω-connected components do not form a partition of the image as they may overlap.
Their idea is thus to limit themselves to α-connected components but constrained with
the bounded variation ω. In other words, they are the largest α-connected components of
bounded variation less than ω:
ω-CC = Maximal elements of
⊆

{Γ, Γ ∈ α-CC | BV (Γ) ≤ ω }

From now, any horizontal cut on the new ω-indexed hierarchy corresponds to a nonhorizontal cut on the old α-indexed hierarchy. This is illustrated on fig. 18. The α-tree
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given as an example in fig. 14 has been reweighed with the bounded variation. In other
words, we compute the ω value of each region and reindex the hierarchy with these
values. As one can see, it changes the topology of the tree and the horizontal green cut in
the new hierarchy is related to a the non-horizontal red one in the original hierarchy.
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Figure 18: α-tree hierarchy reweighed by ω. The horizontal green cut in (b) is equivalent
to a non-horizontal cut in (a).
Energy optimization on hierarchies has been further studied in [51, 52] and later in [62].
Given a partition π = { C1 , . . . , Cn } of the image, Guigues et al. [52] were interested in
optimizing separable energies of the form:
Eλ (π ) =

∑

Ci ∈π

C (Ci ) + λD (Ci )

(2.1)

where C is typically a fidelity term and D a term standing for the level of complexity
of the model. The term C increases as the image simplifies while the term D decreases as
the complexity of the model lowers. These classes of energy are well-known in image
processing as they are used for simplification and segmentation (e.g. the Mumford-Shah
energy [87], L1 + Total Variation), or for image compression [111] (optimization on the
rate/distortion trade-off). The way to solve this energy optimization and retrieve the best
cut on hierarchies by dynamic programming has already been proposed in [111]. The
novelty introduced by Guigues et al. [52] was to re-index the hierarchy in terms of the
regularization parameter λ so that we do not have to choose apriori the simplification
strength but rather choose it after the hierarchy has been re-indexed. Yet, the re-indexation
is a single bottom-up traversal solving a dynamic programming formulation of the
problem. For each node x (partial partition) of the hierarchy, we need to compute λ∗ ( x )
which is the value for which it becomes more valuable to merge the sub-regions of x into
a single region. More formally, let Eλ ( x ) = C ( x ) + λD ( x ) denotes the energy of x, then:
λ∗ ( x ) = min{ λ | Eλ ( x ) ≤

∑

child y of x

Eλ (y) }

In their recent work, Kiran and Serra [62] wondered what kind of energies can be
optimized this way on hierarchies. In particular, they focused on the composition law that
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makes the framework valid. For example, in [52], the Mumford-Shah energy is additive
as the energy of partition is the sum of the energies of its regions (see eq. (2.1)). On the
contrary, in [118], the energy based on the bounded variation, is sup-generated:
BV (π ) =

_

BV (Ci )

Ci ∈π

The authors came out with climbing energies which must verify singularity and hincreasingness, i.e., the energy of any node x must differ from the energy of any partition
of x and for any two partial partitions π1 and π2 of x such that π1 ⊏ π2 , and a disjoint
partial partition π0 :
E ( π1 ) ≤ E ( π2 ) ⇒ E ( π1 ∪ π0 ) ≤ E ( π2 ∪ π0 )
This generalization to climbing energies and the study of new composition rules have
enabled the introduction of new optimization constraints such as the number of classes
in the simplification [61].
2.3 conclusion
In this chapter, we have seen some tree representations of the image belonging of a wide
class of hierarchies used in MM: the hierarchies of segmentation. The literature about
this subject is quite large, and we have seen the keys ideas about the way to process,
transform and optimize energies on those structures. From this chapter, the are two
important points one should keep in mind before introducing the next chapter. First,
these hierarchies of segmentation are based on clustering principles, so one basically
has to define a distance or a cost function between pixels or regions. So there is no
challenge about extending those hierarchies to multivariate images as sensible distances
between vectors or colors already exist. The second point is that because they are based
on clustering, the main information they encode is the adjacency and the level of disparity
between adjacent regions. In the chapter 3, we will introduce another class of hierarchical
representations based on the inclusion relation rather than the adjacency. We will see that
their extension to multivariate images is not as straightforward.
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TREES BASED ON THE THRESHOLD DECOMPOSITION

In this chapter, we review the three classical trees based on threshold decomposition of
the image, namely, the min-tree, the max-tree and the Tree of Shapes (ToS). Min- and
max- trees were introduced by Jones [59] and popularized by Salembier et al. [114] who
found in them an efficient image representation adapted for shape recognition and image
filtering. Max- and min-trees are dual, in the sense that the first one supposes that objects
are lights regions over dark background and the other supposes the contrary. They will
be reviewed in section 3.1, as well as the ways to process them. The ToS was introduced
by [31] as a self-dual representation that merges min- and max-trees in a single structure.
It is also known as topographic map as it encodes the level lines of the image and will be
reviewed in section 3.2.
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Figure 19: The different semantic of the component trees vs. the hierarchy of segmentation.
These trees are fundamentally different from the ones we have exposed in chapter 2.
First, any cut in a hierarchy of segmentation yields a partition; while in trees based
on the threshold decomposition, a cut yields a partial partition. Second, hierarchies of
segmentation renders the adjacency of regions while component trees and the ToS render
the inclusion of objects. The different semantics are illustrated in fig. 19. Figure 19a
represents the following scene (in a schematic way): “A gray belt with a black belt buckle
over a white shirt”. Figures 19b to 19d shows how the trees understand the scene.
• The α-tree does not see the belt as a whole but as three disjoint pieces of gray
materials, separated by the buckle. They are adjacent to a white background.
• The min-tree sees the scene correctly. The gray belt contains of a black buckle and
is over the white shirt.
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• The ToS has one additional piece of information compared to the min-tree. It says
that the buckle has one object inside, yet we do not know that this is the belt which
shown through it.
3.1

min and max-trees

Component trees were introduced by Jones [59, 60] as efficient image representations that
enable the computation of advanced connected filters in a simple way. Connected filters
play an important role in Mathematical Morphology, because they preserve object boundaries. In the binary case, a connected filter preserves only the connected components that
pass a given criterion, e.g., components that are large enough or that have a given shape.
The same principle applies in gray-level through the notion of threshold decomposition. By
thresholding the image with every level λ, we get a stack of binary image: the threshold
sets. Binary connected operators are extended to gray-scale images by applying the
filter on every threshold set and then recomposing the results. The component trees
are actually hierarchical structures that encode the threshold sets and their inclusion
relationship and allow efficient implementations of such gray-scale connected operators
[114, 91, 15, 135, 133, 26].
3.1.1 Definition
Let u an image from Ω → F where F is endowed with an ordering relation ≤. We
note the lower (resp. upper) threshold sets [u ≤ λ] = { x, u( x ) ≤ λ} (resp. [u ≥ λ] =
{ x, u( x ) ≥ λ}). We note CC( X ), X ∈ P (Ω) the set of connected components of X,
+
Γ−
]) } are the upper/lower
λ = { X, X ∈ CC([ u ≤ λ ]) } and Γλ = { X, XS∈ CC([ u ≥ λS
−
−
+
peak components at level λ and finally, Γ = λ Γλ , Γ = λ Γ+
λ denote the sets of
lower and upper connected components. If the relation ≤ is total, any two connected
components X, Y ∈ Γ− are either disjoint or nested. The set Γ− endowed with the
inclusion relation forms a tree called the min-tree and its dual tree, defined on Γ+ , is
called the max-tree.
In a min-tree (resp. max-tree), a node represents a lower (resp. upper) connected
component, i.e., a set of points and the level of the threshold set. In fact, from the
implementation point of view, the node N representing Γ ∈ Γ+
λ only stores the points at
the level λ and Γ is actually the whole subtree rooted in N (see fig. 20).
3.1.2

Filtering and reconstruction

image reconstruction Using the decomposition principle, the image u can be reconstructed from its threshold sets by the equations:
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Figure 20: An image and its component trees.

u( x ) =
u( x ) =

^

_

{λ ∈ F | λ ≥ u( x )} =

{λ ∈ F | λ ≤ u( x )} =

^

_

{λ ∈ F | Γ ∈ Γ−
λ , x ∈ Γ}

{λ ∈ F | Γ ∈ Γ+
λ , x ∈ Γ}

(3.1)
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Algorithmically speaking, the reconstruction using component trees is straightforward
since each pixel gets valued with the level of the node it belongs to.
filtering the component-trees Component trees provide a high-level representation of the image and describe the organization of the connected components in
a hierarchical way. Thus, they enable us to perform advanced connected filtering in a
simple way. For example, one can express the objects to be filtered out through an attribute (a criterion) that tells the components to be preserved and the ones to be removed.
This attribute can be increasing (e.g., the size of the component, the dynamic. . . ) or
non-increasing (e.g., the perimeter, the inertia. . . ).
In the first case, it leads to an attribute opening or closing (depending on the tree we
are working with), in the second case it leads to an attribute thinning/thickening. More
formally, let C be an increasing Boolean criterion. The trivial opening C( X ) : P (Ω) →
{∅, X } is just X if X meets C and the emptyset otherwise. Trivial openings allow the
definition of attribute openings ρC (u) and attribute closings φC (u):
φC (u)( x ) =

ρC (u)( x ) =

^

_

{λ ∈ F | x ∈ C(Γ), Γ ∈ Γ−
λ}

{λ ∈ F | x ∈ C(Γ), Γ ∈ Γ+
λ}

(3.2)

It is straightforward that ρ and φ are increasing and idempotent because the criterion C
is. One may proove that φ and ρ are respectively extensive and anti-extensive that make
them effectively openings and closings. In terms of tree processing, these operators are
equivalent to pruning some branches. As soon as a node does not pass the criterion, the
subtree rooted in that node is removed and its points are attached to the parent node.
If the criterion is non-increasing, eq. (3.2) leads to attribute thinnings and thickenings
as ρ and φ are no more increasing neither. Salembier et al. [114] and latter Urbach
and Wilkinson [124] have defined specific filtering and restitution rules in the case of
non-increasing attributes that can be categorized in two groups: pruning and non-pruning
strategies. Pruning strategies involve preserving or removing some sub-branches of the
tree, thus some nodes failing the criterion have to be kept while some others passing the
test have to be discarded.
min A node is kept if it passes the criterion and all of its ancestors are kept.
max A node is kept if it passes the criterion or any of its descendants is kept.
viterbi The selection of the nodes is based on an optimization problem where we have
to compute the minimal path cost for each leaf (see [114]).
direct A node is kept if it passes the criterion. The other nodes are discarded. When a
node is discarded, the points are set to the level of the deepest alive ancestor, which
is equivalent to the reconstruction formula given in eq. (3.2).
subtractive Same as the direct rule but the gray level difference ∆ between a discarded
node and its parent is passed to the descendants. This rule aims at preserving the
same contrast between the remaining components in the residue image.
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Figure 21: Illustrating the restitution process with pruning and non-pruning strategies.
Figure 21 illustrates the differences between the min, max, direct and substractive
strategies on the min-tree from fig. 20c. We used the criterion:
“C ( X ) = number of holes in the component X ≤ 2” so that the node A is the only one
that fails the criterion. Filtering with such a criterion is actually a “shape filter” in the
sense of [124] since it is scale, rotation, and translation invariant and idempotent. Min
and max rules are pruning strategies as they preserve or remove whole sub-trees as
opposed to the direct and subtractive strategies which can remove nodes anywhere in the
tree.
3.2 the tree of shapes (tos)
The Tree of Shapes (ToS), also known as topographic map is a hierarchical representation
of a gray-level image in terms of the inclusion of its level lines [32, 85].
Every node of the ToS represents a connected component whose border is a level line
and, typically, the number of nodes is close to the number of pixels for a non-degenerated
image. The ToS of an image thus offers a description of the image contents as a collection
of connected components, structured as a tree thanks to the inclusion of these components.
Surprisingly this rich structure can be computed efficiently [46, 40], and can be also
efficiently stored in memory [26].
It is linked to the min and max-trees introduced previously as it can be seen as the
result of merging the pair of these dual component trees into a single tree. Since it is
self-dual, it makes no assumption about the contrast of objects (either light object over
dark background or the contrary). We only have one structure that represents the image
contents so we do not have to juggle with the couple of dual trees. The ToS intrinsically
eliminates the redundancy of information contained in those trees.
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Figure 22: The ToS and its differences with the Min and Max-Trees
3.2.1

Definition and notation

Let a set X ⊂ Ω, we note ∂X the border of X and X̄ the complementary of X. Let
H : P (Ω) → P (Ω) denote the hole-filling operator as defined:

H( X ) = Ω \ CC ( X̄, ∂Ω)
where CC ( X̄, ∂Ω) is the connected component of X̄ connecting with the image border.
Given that hole-filling operator, we call a shape any element of S = {H(Γ), Γ ∈ Γ−
λ }λ ∪
+
{H(Γ), Γ ∈ Γλ }λ . If F is totally ordered, any two shapes are either disjoint or nested,
hence the cover of (S , ⊆) forms a tree called the Tree of Shapes (ToS) (in the following, as
a matter of simplicity, we implicitly consider the cover of (S , ⊆) while writing (S , ⊆)
only).
We see by this definition that the shapes are hole-filled connected components of the
lower and upper threshold sets and so that the ToS can be seen as a “merge” of the Min
and Max-trees. However, the hole-filling operation creates shapes that belong neither to
the min-tree nor to the max-tree as shown in fig. 22.
Using the image representation in [46], one can ensure each level line is an isolevel
closed curve given that the co-domain is totally ordered. Actually, the “totality” requirement comes from the definition of the level lines in terms of contours of lower or upper
threshold sets and the level lines of u are actually the contours of the shapes. This way,
the ToS encodes not only the inclusion of shapes but also the level lines inclusion.
Given S and a shape A ∈ S , we will note A↑ = { X ∈ S , A ⊆ X }.
3.2.2 Reconstruction from the ToS
Caselles and Monasse [28, chap. 2.4] proposed two formulas for reconstructing the image
from the ToS. The direct reconstruction which basically says that ũ( x ) is the level of the
smallest shape containing x and the indirect reconstruction which first recovers the level
sets from the shapes and uses eq. (3.1) to build the image. While the authors argue that
the first formulation is not satisfactory as in the continuous case the smallest shape does
not necessarily exist, it is sufficient in our case (discrete and with a finite number of
shapes) and is closer to the algorithmic reconstruction process.

3.2 the tree of shapes (tos)

Consider the relation E on P ( E) × F defined as ( X1 , λ1 ) E ( X2 , λ2 ) iff X1 = X2 ∧ λ1 ≤
λ2 . Let G be the shape set S augmented by the level of the shape:
G = Max. elements of {(H(Γ), λ), Γ ∈ Γ−
λ }λ
E

[

Min. elements of {(H(Γ), λ), Γ ∈ Γ+
λ }λ
E

and the ordering  s.t. (S1 , λ1 )  (S2 , λ2 ) ⇔ S1 ⊆ S2
Then, the image can be reconstructed using:
ũ( x ) = λ : ( X, λ) =


^

(S, λ)

(3.3)

(S,λ)∈ G,x ∈S

Again, as for the Min and Max-trees, the reconstruction using the ToS is straightforward
since each pixel is stored in the smallest component it belongs to and so, gets valued
with the level of its node.
3.2.3 Filtering the ToS
The same filtering strategies exposed in section 3.1.2 can be applied on the ToS. However,
in the case of non-increasing criteria, the direct rule can lead to a reconstructed image
that does not correspond to the tree from which the reconstruction was based. As a
workaround, Caselles and Monasse [28, chap. 2.4] suggest to prevent the suppression of
extremal shapes in monotone section of the tree if they have a child node of different
type. Another strategy might be to use the subtractive strategy proposed by [124] for
component trees as it preserves the contrast between the remaining level lines. This is
illustrated in fig. 23. When removing the shape B by the direct rule, it creates a connection
between A and C at the same level and changes the tree’s topology. On the other hand,
the subtractive strategy increases the level of D, E and F by the same amount of B and
the topology is preserved.
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(b) Filtering with the direct rule. Left: filtered tree; middle: reconstructed image ũ; right: ToS of ũ.
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(c) Filtering with the subtractive rule. Left: filtered tree; middle: reconstructed image ũ; right: ToS
of ũ.

Figure 23: Non-pruning strategies illustrated on the ToS. The direct rule leads to a reconstructed image that differs from its original ToS.

4

M O R P H O L O G I C A L T R E E S E X T E N D E D T O M U LT I VA R I AT E
IMAGES

Mathematical morphology (MM) offers a non-linear image processing framework which
is both simple and efficient. It has been widely used in many image processing tasks
as for filtering, object detection, segmentation. . . Behind the scenes, MM operators rely
on an ordering relation on values which must form a lattice. Those operators usually
apply to binary and grayscale images, even if there are many attempts to deal with color
images [8].
We have seen in chapter 3 a particular class of MM operators, named connected operators,
that have been widely investigated thanks to their contour-preserving properties. These
operators can be efficiently computed using component trees: min-tree, max-tree and
ToS.
While most MM filters rely on a partial ordering relation only, component-trees and the
ToS need the ordering to be total. The latter requirement hinders the extension of these
structures to color images. In this chapter, we review the most important strategies to
extend morphological tree processings to multivariate data, highlighting their problems
w.r.t. self-duality and basics requirements of morphological filters.
4.1 problem statement
As seen in chapter 3, the ToS (and component trees in general) relies on an ordering
relation ≤ that needs to be total. On multivariate data, no natural total order exists,
the “natural” product order is partial. As a consequence, the shapes from lower and
upper sets may overlap without being nested. This is illustrated in fig. 24. Here, the cuts
[u ≤ (0.5, 0, 0)] and [u ≤ (0, 0.5, 0)] intersect (via [u ≤ (0, 0, 0)]) without being nested.
(1, 1, 1)

(0.5, 0, 0)

(0, 0, 0)
(0.5, 0, 0)

(0, 0.5, 0)

(0, 0.5, 0)
(0, 0, 0)

(1, 1, 1)
Original image.

Hass diagram of the shape inclusion.

Figure 24: Problem with the ToS on a partial order. It leads to shapes that overlap without
being nested.
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(a) Original image

(b) Iso-levels at three points on (c) Iso-colors at the three same
a gray level version of (a).
points on (a).

Figure 25: Level lines problem on R n .
Another way to see the problem, from a level lines standpoint, is that on R n (n>1), level
lines do not form closed curves as shown in fig. 25. We have selected three random points
a, b, c and drawn every pixels { x ∈ Ω | u∗ ( x ) = u( a) or u∗ ( x ) = u(b) or u∗ ( x ) = u(c) }
where u∗ is the original image interpolated with intervals. On gray level (fig. 25b), the
points form closed curves that do not cross and can be organized into a tree driven by
the inclusion order of their interior. On the other hand, on colors (fig. 25c), the points do
not form closed curves; the inclusion tree is degenerated with a low depth.
4.2
4.2.1

multivariate mage processing strategies
Marginal processing

With a marginal approach, each component of the image is processed independently
from the others. Then, the resulting images are merged back to form a multivariate
image. Despite its simplicity, its major drawback is that it does not take into account
the correlation between the different components and so a part of the information is
discarded during the processing.

Original Image
u1

Scalar processing

u2

Processed Image
ũ1

Scalar processing

u3

Scalar processing

Figure 26: Marginal processing strategy.

ũ2
ũ3

4.2 multivariate mage processing strategies

Figure 27: False color problem of the marginal filtering with the ToS. (Grain size: 500)
In our case, this means computing the Tree of Shapes (ToS) of each image channel and
processing each tree. It emerges two majors problems.
First, we do not have a single tree, but as many trees as the number of channels. As a
consequence, we have to handle several trees at the same time. For some applications,
such as object detection, this is a significant drawback since we may detect the same
object many times and extrawork is then required to remove these redundancies.
Second, in the case of filtering, the marginal approach leads to the well-known “false
color” problem. It arises when recomposing the channels of the final image since it
may create new values that were present in the original image. The presence of “false
colors” may or may not present a problem, depending on the application. For example,
for denoising, marginal processing offers a wider range of possible values in the output
image and the new colors may be close to the original ones and do not alter visually the
result [37]. On the other hand, for other application such as simplification or segmentation,
it tends to create visible artifacts on the object boundaries due to the fact that the regions
do not match exactly in the trees. This problem is illustrated on fig. 27 where a grain filter
of size 500 has been applied marginally on each component. In the wall, the topologies
of the three trees differ, the shapes do not merge at the same level of filtering. The
recomposition process of the channels creates visible color artifacts.
4.2.2 Vectorial processing
Contrary to the marginal processing, a vectorial processing considers the set of the
components as a whole. Depending on the application, this approach is favored because
it prevents the creation of false colors. In our case, a vectorial processing would present
a major advantage: we would have a single structure to process. However, it requires
imposing a total ordering of vectors as required by the trees based on the threshold
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Figure 28: Vectorial processing strategy.
decomposition and the choice of particular total order is not straightforward as we will
see in the next section.
4.3

on the imposition of a total ordering

Among hierarchical representations of images, component trees rely on a data (pixel
values) ordering that needs to be total. When dealing with multivariate data, authors
generally have two approaches. They either define a new total ordering relation on their
data, or adapt their structures to deal with the natural partial order. Many authors have
attempted to define orders on colors. There actually exist more than seventy ways of
ordering a vector space (see Aptoula and Lefèvre [9] for a rather complete survey of color
orders used in the mathematical morphology framework). In this section, we review only
the most well-known approaches to order vectorial data.
Let us first recall the definition of an ordering relation ≤. ≤ is a binary relation that is,
∀ x, y, z ∈ E,
reflexive
x≤x
transitive
x ≤ y and y ≤ z ⇒ x ≤ z
anti-symmetric x ≤ y and y ≤ x ⇒ x = y

Moreover, ≤ is said to be total if ∀ x, y, x ≤ y or (not exclusive) y ≤ x; if not, the relation
is said to be partial because some elements are not comparable.
If ≤ does not meet the anti-symmetry property, then the ordering relation is a preorder
(also known as a weak order if the relation is strict). The consequence is that two different
values a and b may be considered equivalent (a ≤ b ∧ b ≤ a) by the relation. It leads to
component trees where a node in the trees has several values (the ones belonging to the
same equivalence class).
A classification of ordering relations can rely on their algebraic properties (totality, antisymmetry. . . ) or with respect to the way these relations are built. Barnett [14] proposed
to classify them into four groups: marginal (M-ordering), conditional (C-ordering), partial
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(P-ordering) and reduced (R-ordering). The former is a component-wise ordering that
deals separately with each channel, i.e., a partial order, and will be discussed in section 5.1.
The three others provide total (pre)orders and are discussed below.
4.3.1 Conditional orderings (C-ordering)
With C-ordering, vectors are ordered by means of one, several, or all of their marginal
components. The most well-known C-ordering is the lexicographical ordering, that is a
total order. If only several components participate in the comparison, it yields a total
preorder. For example let v, w ∈ R n , the lexicographical ordering ≤ L using only the two
first components (v ≤ L w iff v1 < w1 ∨ v1 = w1 ∧ v2 ≤ w2 ) is a total preorder. Colors
(1, 1, 2) and (1, 1, 3) are considered as equivalent by the above relation. The main pitfall of
C-orderings lies in the importance given to the first components. Considering the RGB
space for example, it implies that the red component is more relevant than the others.
Workarounds like the sub-quantization of first components (also known as α-trimmed
lexicographical ordering [97, 7, 115]) enables to lower the importance given to the first
dimension.
4.3.2 Reduced orderings (R-orderings)
With R-ordering, vectors are reduced to scalar values using a mapping h : R n → R s.t.
v < w ⇔ h(v) < h(w)
If h is injective then each index is mapped to a unique color and the relation is a total
order, otherwise it is a total preorder.
In [127], R-orderings are classified in two main groups: R-orderings based on projections
and the ones based on distances. The first group has mappings writing with the form:
h(v) =

n

∑ λi .vi

(4.1)

i =1

The methods of this group employ standard unsupervised reduction techniques like
the Principal Component Analysis.
The second group of methods, namely distance-based ordering, are supervised and
they involve choosing a reference vector vref and the order relation is built upon a distance
k can be chosen
to vref , i.e., h(v) = d(v, vref ). More generally, a set of K reference vectors vref
and the mapping h has the generic form:
h(v) =

K

k
)
∑ λk .d(v, vref

(4.2)

k =1

The choice of a good distance function between vectors is another problem, e.g. authors
generally use the CIELAB ∆E for colors. More advanced distances functions can be used,
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specially those that depend on the image content. In [127, 128], the distance is built upon
a support vector machine with a Gaussian kernel. Some reference points are chosen
as background or foreground, they are the training set of the classifier. Then, a SVM
regression is used to compute the distance to the other vectors, from which an ordering
relation is deduced.
This type of ordering has been widely used[64], and studied in-depth in [6] to extend
morphological filters. The first problem highlighted by [9] is the instability of the maximum (while the minimum is stable, close to vref ) that makes the dilation unstable to slight
modifications of the input image. This is a significant drawback from the perspective of
designing self-dual filters. While erosion tends to the reference color vref , dilation tends
to move away from the reference, to a “foreground” vector, but without defining it.
The second problem pointed out by Angulo [6] is the non-duality of the erosion and
the dilation made from distance-based ordering (even in gray-level). This is illustrated in
fig. 29. Values are in the range [0.0 − 1.0] and vref = .4. Dilation and erosion use a 1 × 3
rectangular structuring element. Using the distance-based approach, they are not dual,
as δ(ū) 6= ǫ(u). This prevents the definition of self-dual morphological operators based
on erosion and dilation as ones proposed by Heijmans [53]. However, as soon as vref is
defined as an extreme value (black or white typically), the duality is preserved but then,
the vectors are simply ordered by their norms.
u

.3 .4 .6

ǫ(u)

.4 .4 .4

ū

.7 .6 .4

δ(ū)

.7 .7 .6

δ(ū)

.3 .3 .4

Figure 29: Problem of duality between erosion and dilation using the distance-based
ordering. vref = 0.4.
distance-based self-dual morphological operators In [66, 48], distancebased dual erosion and dilation are defined using two reference points C +∞ and C −∞
(typically black and white) leading to two different distance functions:
v ≤1 w ⇔ d(v, C −∞ ) ≤ d(w, C −∞ )

v ≥2 w ⇔ d(v, C +∞ ) ≤ d(w, C +∞ )

Then, the infimum is defined using ≤1 ([48] brings a solution to the multiple extrema
pitfall and ensure the uniqueness of the minimum) while the supremum using ≥2 ,
that enables a dual definition of the erosion and the dilation. However, as noted by
Goutali et al. [48], imposing a total ordering on colors is not sufficient to get selfdual morphological operators. From the color erosion and dilation operators, one can
get openings and closings and then self-dual morphological operators [53]. However,

4.3 on the imposition of a total ordering

openings and closings defined this way are generally not idempotent. Indeed, we have to
ensure for any set of values that the minimum extracted by the erosion is the maximum
extracted by the dilation. Goutali et al. [48] proposed a solution to this problem but at
the cost of the loss of the duality property. The idea of having two different ordering
relations to extend the ToS to multivariate data seems difficult as it would imply to use
different relation for upper and lower sets.
rank transformations and space filling curves The distance-based ordering seen above belongs to a wider class of ordering methods based on rank transformation.
More formally, a rank transformation is a function R n → N that maps a vector to a rank
position (so this is highly similar to the mapping h defined previously).
It has been shown that there is actually an equivalence between a total ordering on
n
R , a bijective mapping h, a rank transformation, and also space filling curves. In [74],
the authors proposed imposing a total order using a non-linear reduction of the color
space on a single dimension. Their approach based on manifold learning assumes that
two close points in the original high-dimension space are projected to close locations
and that local distances are preserved. They later introduced in [71] the ordering of color
patches. The same idea is used but the construction now involves the spacial relationship
and so the correlation between colors of two neighboring pixels is taken into account
when designing the ordering.
Another example of rank transformation is the bit-mixing ordering that uses the binary
representation of the vectors to deduce a single scalar value. The bits of the components
of the vector are sorted, most-significant bits come first, then the second bit of the
components. . . [34]
Rank transformation can also be interpreted in terms of space filling curves as they
yield curves in the high dimensional space that attains each value exactly once. As a
consequence, Z-filling curve, Peano curves. . . are also possible ways to define total vector
ordering. In [34], theses different approaches are compared in terms of the neighboring
conservation, i.e., we want to avoid high distance gaps between two consecutive values
in the order. This idea has been more recently retained by Chevallier and Angulo [35],
where they define their objective ordering relation as an optimization problem. They aim
at finding the permutation of values that minimizes the length of the curves that reach
every point of the co-domain (not the full value space). However, such an optimization
problem is difficult to solve and only an approximated solution can be computed.
4.3.3 P-orderings
Conditional and reduced orderings are the most used methods to impose a total order
on a vector space. For mathematical morphology, few authors relied on P-orderings. The
latter consists of clustering the vectors into groups so that they can then be ordered
according to their extremeness w.r.t. the rest of the data. Velasco-Forero and Angulo [126]
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rely on the random projection depth which assigns for each vector its degree of centrality
in the dataset and provides a “center-outward” ordering of the data.
4.3.4

The color “no free lunch” theorem

We have seen in section 4.3.2, methods that try to find a space filling curve minimizing the
irregularities along the path. However, the topology of a high dimensional space cannot
be reproduced on a single dimension. This is highlighted in [35], with the following
theorem:
Theorem 1. For any total order ≤ on R n (n > 1).
∀ R, r ∈ R + , ∃ a, b, c ∈ R n such that:
• a≤b≤c
• d( a, b) > R
• d( a, c) < r
A direct consequence of this theorem is that for any total ordering on a vector space,
there will exist two consecutive values with a large distance gap between them. This
theorem encourages the use of image dependant total order. However, if we now consider
the order computation as part of the morphological filter, it will loose the idempotence
property, as the ordering relation used for the first filter computation may not be the
same as for the second computation.
4.3.5

Local orderings and “pseudo”-morphological filters

Because of the consequences of theorem 1 (i.e., there does not exist a-priori any relevant
total ordering on a multi-dimensional value space), authors have been involved in
developing image content dependant ordering relations (see. sections 4.3.2 and 4.3.3).
This idea can be developed further by considering an ordering relation which is locally
dependant on the data. In [72, 73], authors impose a total order for each pixel, relying
only on the vector values in a spacial local window. Those values are represented as a
fully connected graph where edges are valuated with a distance color. Then, they aim
at extracting an Hamiltonian path (i.e., a linear order) from this graph using minimum
spanning trees. Yet, a drawback of a local ordering lies in that the fact that it does not
provide a partial ordering of the full value set; erosion and dilation loose important
algebraic properties (e.g. they do not commute with the infimum/supremum) that
prevent the construction of “real” morphological filters.
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4.3.6 Component trees processing based on total (pre)orders
Once a total order has been defined on values, computing component trees is straightforward. Any of the approaches described above can be used, even if most authors
have used the most “standard” methods to obtain the ordering. In [104], the max-tree is
computed on multiband images using the lexicographical order on the data where the
channels have been permuted w.r.t their signal to noise ratio. In [89], authors compare
lexicographical ordering and distance-based (pre)orderings with a marginal processing
in the context of image filtering and document binarization. Another comparison is
provided in [123], where the authors perform an evaluation of max-tree based image
compression. They compare some preorders either based on luminance, chromaticity or
saturation in different colorspaces.
While the construction of the tree is straightforward once the total ordering established,
the restitution phase is more challenging in the case of preorders. Indeed, when the
rank transformation is not injective, several vectors may map the same value; thus a
node in the tree may be associated with several vectors. However, when filtering and
reconstructing with component trees (see. section 3.1.2), one has to select a single value
to set for the nodes that are removed. Naegel and Passat [89] proposed several restitution
strategies to solve this problem. It generally consists in choosing a representative value
based on the different vectors contained in a node.
pmean Each node is assigned to a representative value which is the mean vector.
pmedian Each node is assigned to a representative value which is the median vector
(the ordering relation is completed with a lexicographical cascade to ensure antisymmetry).
As noted by [123], those strategies tend to lower the quantization of the image since
even if no filtering is performed. Pixels with an “equivalent” rank are altered and merge
with the same “color”. To overcome this issue, Tushabe and Wilkinson [123] proposed
altering only pixels that belong to nodes to be removed and keeping the others to their
original value. Theses are respectively referred as Mean of Parent (MP) and Median of
Parent. They also proposed two other restitution strategies:
nearest color (nc) A removed node gets assigned with the closest vector (in the
value space) from its own mean vector in the last surviving ancestor. The pixels from
non-filtered nodes keep their original value.
nearest neighbor (nn) A pixel in a removed node gets assigned with the value of
the nearest pixel (in the domain space) of the last surviving ancestor. The pixels from
non-filtered nodes keep their original value.
Note that the Pmean and Nearest Color strategies are subject to the “false color” problem
since the average vector may not exist in the original image spectrum. On the other hand,
the Nearest Neighbor strategy yields a “pseudo”-connected filtering as a removed node
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Figure 30: The different restitution strategies on the ToS when using a preorder on values.
The nodes with red borders are those to filter.
may be split and reconstructed with regions of different values. The later was motivated
by the authors who wanted to reach a filtering favoring a better image regularity with
smooth edges along the removed components. The different strategies are illustrated on
fig. 30 where data are ordered by luminance (so a preorder). The regions B1 and B2 have
the same rank so they belong to the same node in the ToS. With the Pmean strategy B1 B2 ,
D and E are filtered with the same value (the average color of B1 and B2 ) while with the
MP rule, B1 and B2 remain unchanged. In both cases, a new color is introduced. This is
not the case with the NC and NN rules where B and E are filtered with the value b1 and
b2 . We can also notice that on this scheme, the objective of the NN rule is reached, the
regions to remove have weak edges along their boundaries.

4.4 conclusion

4.4 conclusion
In this chapter, we have exposed the most well-known approaches to process multivariate
images with the ToS. We have seen that marginal processing is unsatisfactory as it yields
the management of multiple trees in the same time, and we do not have finally a single
structure representing the image. As a consequence, we have considered the vectorial
approach to extend the ToS through the imposition of a total order. We have shown
many strategies to impose a total order. Some of them try to impose an ordering on the
full value space, but we highlighted the fact that any ordering of this type will have
strong discontinuities. As a consequence, we have reviewed other types of ordering that
are image-dependant or locally-dependant but we also highlighted that if the ordering
computation is considered as a part of the process, usual self-dual morphological filters
based on them may loose important properties such as the idempotence, or the selfduality. This motivates the claim that we would be better of finding a way to extend the
ToS to multivariate images without trying to impose a total order on values.
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In chapter 4, we have seen a classification of the methods imposing an ordering relation
on a vector space. Since a natural total order is not obvious, Passat and Naegel [102] were
the first to propose an extension of max-trees employing the M-ordering approach, that
is an ordering comparing the components channel-wise and yielding a partial order. As
a consequence, two values may not be comparable, components may overlap without
being nested. The underlying structure to process is no more a tree but a graph. In the
section 5.1 of this chapter, we recall the method extending max-/min- tree to partial order
proposed by Passat and Naegel [102] and show that it can be easily adapted for the ToS.
In section 5.2, we will also expose the way of processing these graphs and have a word
about the algorithmic complexity.
5.1 component trees extended to partial order
Let u an image from Ω → F where F is endowed with an ordering relation ≤. We have
seen in section 3.1 that if ≤ is total, the sets of lower connected components Γ− or upper
connected components Γ+ form a tree. Now that ≤ is partial (we note it  now), two
components may overlap without being nested. As a direct extension of the definition
of the max-tree (resp. min-tree), [102] proposed to consider the Hasse diagram Ġ of the
cover of (Γ+ , ⊆) (resp. (Γ− , ⊆)) which now forms a graph. If  is total, the component
graph is obviously equivalent to its component tree. The same idea can be applied to
extend the ToS as one just has to consider the cover of (S , ⊆) which also forms a graph.
[102] also proposed an alternative definition for the component graph G̈ which only
considers the connected components that are sup/inf-generators of u. More formally:
Γ̈+ =
−

Γ̈ =

[

λ∈ F

[

λ∈ F

{ X ∈ CC([u  λ]) |
{ X ∈ CC([u  λ]) |

^

_

u( X ) = λ }
u( X ) = λ }

From an algorithmic point of view, it simply consists in removing the “empty” nodes
from the graph Ġ. Note that in [102], the authors propose also a third graph where two
same connected components issued from two different threshold set are represented by
two disjoint nodes in the graph. While this is useful as a matter of clarity and theory,
we do not consider this representation as it implies many redundancies and leads to a
representation which is not equivalent to component trees in grayscale.
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Figure 31: Example of ToS extensions using the approach in [102]. (b) is the first graph Ġ
using every possible cuts. (c) is the alternative graph G̈ using only sup/infgenerating connected components.
In fig. 31, we show how this approach can be used to extend the ToS on multivariate
images. We use the same input image as in fig. 30 but now B1 ,B2 ,D and E all connect
to each other for the sake of the illustration. In the first definition of the extension,
nodes with “false” colors appear in the graph G (those in grays, see. fig. 31b). They
correspond to the supremum/infimum of the colors of connected components that are
not comparable. Those nodes are actually “empty” has they do not contain any proper
pixel that is not in one of their children. On the other hand, the second formulation
prevents the apparition of “false” colors in the graph G̈ as only cuts from value existing
in the original image are considered.
algorithmic and complexity considerations An early algorithm to compute
the component graph (in the context of extending min and max-trees) was proposed in
[90] and then corrected in [88]. As noted by the authors, algorithms used to compute the

5.2 processing the component graphs

component trees on grayscale cannot be transposed to partial orders. An exception is if
the order has a particular lattice structure (namely a lower/upper piecewise total order),
where the component-graph is actually a hierarchy [103, 63]. The algorithm proposed by
Naegel and Passat [88] to compute Ġ is kind of “brute-force”:
1. Compute every connected component of every threshold set [u  λ] for all λ ∈ F,
2. Compute the graph of inclusion of the components,
3. Compute the transitive reduction of the graph.
If we consider the standard RGB space encoded on 24 bits, this implies testing every 224
cuts, which is computationally untracktable. In the special case of G̈, the authors propose
a dedicated algorithm that does not depend on the size of the value space [88]. Yet,
its complexity is still high (O(|Ω|2 )), and the authors tackle the problem by processing
locally small patches and merging them back. While this is sensible for filtering, it is
not adapted for applications that need a representation of the full image (such as object
detection). In addition, this approach is not easily extendable to the ToS since connected
components need to be hole-filled first. A straightforward adaptation of the algorithm
would lead to a complexity O(|Ω|3 ).
5.2 processing the component graphs
As for grayscale component trees, the image can be reconstructed using the same formula
eq. (3.1) for min- and max- component graphs and eq. (3.3) for the graph extension of
the ToS. Equivalently, the same filtering strategies exposed in section 3.2.3 are available
for the component graph. However, as a node may now have several parents, the min
strategy is ambiguous. In [102], it is declined in two strategies:
min 1 A node is kept if it passes the criterion and all the path from this node to the root
are “alive”.
min 2 A node is kept if it passes the criterion and it exists an “alive” path from this node
to the root.
The fact that a node may have several parents yields another problem with the reconstruction from a filtered tree. Consider Γ the initial set of components/shapes, Γ′ ⊂ Γ the
set of components/shapes in the filtered graph, and the operator ∩CC ( A, B) = CC( A ∩ B)
which returns the connected components of the intersection of two components. Then,
Γ ∪ {∅} is stable w.r.t ∩CC (i.e., ∀ A, B ∈ Γ, ∩CC ( A, B) ⊂ Γ), while Γ′ ∪ {∅} is not. In other
words, a point may belong to several nodes. Naegel and Passat [90] tackle the problem
with a coherence recovery step which consists of adding in Γ′ some nodes of Γ until
reaching the stability in Γ′ . This is illustrated in fig. 32. The node F has a single “alive”
parent, so the restoration process is the same as for the component trees. It takes the
value of its parent. On the other hand, the nodes D, E and DE have two “alive” parents,
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we have a conflict with the value to propagate. The coherence recovery steps aim at
recovering the highest nodes such that the reconstruction could be performed.
Even if the filtering with component graphs is O( N ) where N is the number of nodes,
the coherence recovery process adds an extra-complexity compared to trees. In addition,
the computation of attributes is not as trivial. Attribute computation is a bottom-up
incremental process and one has to ensure that a node will not be counted twice when it
has several paths leading to the root.
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(b) Filtering and coherence recovery on G̈

Figure 32: Coherence recovery with component graphs. Left: original component graph,
red nodes are the ones to remove. Middle: graph after the coherence recovery
step, green nodes are the recovered ones. Right: image reconstruction.

5.3

conclusion

In this chapter, we have exposed the innovative approach proposed by Passat and Naegel
[102] to extend the min- and max-trees to partial order so that we do not have to choose a
particular total order. We have shown that the same principle could be apply to extend the
ToS. However, because the ToS is based on hole-filled components, it requires extrawork
and the algorithms they propose cannot be adapted easily. In addition, those algorithms

5.3 conclusion

are so computationally expensive that it compels the authors to process the image by
patches. The latter has an important disadvantage for applications that require having
a representation of the full image. We also highlighted a second disadvantage of the
method in that it produces a graph and no longer a tree. Some basic processing that is
simple with trees becomes more tricky with graphs, such as the incremental computation
of attributes or the filtering that requires an extra coherence recovery step. Moreover, the
existing morphological state-of-the-art methods about object detection, simplification,
etc., are dealing with trees. This point justifies the claim that we would better have a tree
to process than a graph.
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Part II
A NEW APPROACH FOR A TREE OF SHAPES ON
M U LT I VA R I AT E I M A G E S

6

T H E M U LT I VA R I AT E T R E E O F S H A P E S ( M T O S )

As seen in section 3.2, the ToS [32, 28] is a hierarchical representation of the image
in terms of the inclusion of its level lines. Its power lies in the number of properties
held by this structure that one would need for efficient image processing and computer
vision as discussed in [21]. Indeed, some authors have already used it successfully for
image processing and computer vision applications. In [43, 13, 139, 142], authors use
an energy optimization approach on the ToS hierarchy for image simplification and
image segmentation while in [21] relies on an a-contrario approach to select meaningful
level-lines. Other applications include blood vessel segmentation [144], scene matching
extending the MSER through the Maximally Stable Shapes [28] and the Tree-Based Morse
Regions [143], image registration [28], multispectral image classification [33]. . . for which
it competes with the state-of-art methods in their respective field. Apart from being
effective, the most remarkable things about the ToS are its versatility and its simplicity.
We have cited some examples of applications involing the ToS which spread over the
whole domain of the computer vision, but we did not yet say a word about the way of
processing this tree. The abstraction offered by the ToS enables us to perform advanced
image processing tasks in a simple way [26]. For example, an image simplification can
be performed by selecting or removing some nodes and a denoising by pruning some
branches of the tree as seen in section 3.2.3.
It is not so much a surprise that the ToS achieves such good results, but it is rather due
to the mathematical properties held by the representation [20]. The ToS is the support for
self-dual, contrast invariant and morphological connected operators.
• First, it is a morphological representation based on the inclusion of the connected
components of the image at different level of thresholding. As such, a basic filtering
of this tree is a connected filter that is an operator that does not move the contours
of the objects but only keep or remove some of them [112].
• Second, it is invariant by any contrast change. Yet it is not invariant to illumination
change but robust to local change of contrast as we expect the level lines to remain
globally the same. This property is very desirable in many computer vision applications where we face the change of illuminantion problem e.g. for scene matching,
object recognition. . . In fig. 33b, we show this invariance by simulating a change of
illuminantion directly in the ToS; so we have the exact same tree representation as
for the original image in fig. 33a.
• Third, besides being contrast change invariant, the ToS is also a self-dual representation of the image. This feature is fundamental in a context where structures
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may appear both on a brighter background or on a lighter one. Therefore, autodual operators are particularly well-adapted to process images without apriori
knowledge on the content disposition. While many morphological operators try
to be self-dual (e.g. Alternating Sequential Filters) by combining extensive and
anti-extensive operators, many of them actually depend on the processing order
(i.e., on which filter comes first). Self-dual operators have the ability to deal with
both dark and light objects in a symmetric way [53, 117] (see fig. 33b).
• Fourth, it allows a multiscale analysis of the same. Contrary to many key point
detectors (e.g. Harris corners detectors. . . ) which are highly local (thus the need
for a scale space in the SIFT method), the level lines (thus the shapes) are more
global as they are closed curves that can spread on the whole image. Multiscale
analysis is also very simple and efficient since it is encoded through the inclusion
of the level lines embedded in a tree structure which is both fast to compute and
easy-to-process [46, 140]. In fig. 33c we show that the level lines of the same object
taken from different views (different scale and different illumination) correspond.
• Last but not least, the level lines fit the object boundaries as they are located
everywhere in the image, tangent to the gradient. Contrary to many key-point
detectors which rely on local information, level lines may be large Jordan closed
curves that spread over the entire image. It is thus well-adapted for scene analysis
and content extraction.
While the ToS is well-defined on grayscale images, it is getting more complicated with
multivariate data. Indeed, like most morphological trees (e.g. min and max-trees), the ToS
relies on an ordering relation on values which has to be total. If it is not, the definition
based on lower and upper cuts yields components that overlap and the inclusion tree is
ill-formed.
However, the problem of correctly handling multivariate data is of main interest, since
they arise in many image processing fields. The most well-known example is the sensitive
color processing of natural images, but many other types of images are multivariate:
satellites provide multispectral or hyperspectral images with hundreds of bands, medical processing provide multimodal images acquired by several devices. . . Therefore, to
overcome this problem, most authors have been focusing on defining a total order on
multivariate data as exposed in chapter 4. However, from our point of view, the most
important concept in morphological trees lies the inclusion of shapes. As a consequence,
we introduce a novel approach which does not intend to build a total order, but tries
to build up a set of non-overlapping shapes from an arbitrary set of shapes using the
inclusion relation only.
This chapter is organized as follows. In the section 6.1, we explain the main lines of
the method extending the ToS to handle multivariate data. In section 6.2, we expose
the Graph of Shapes (GoS) as a structure merging several ToS’s, and in section 6.3, we
explain how we compute a tree from it.

the multivariate tree of shapes (mtos)

(a) A film cover and its meaningful level lines extracted with the MToS. Level lines are selected
using the Maximum Stability criterion (as for the MSER) and colorized w.r.t their level of
inclusion.

(b) On the need for contrast change/inversion invariance. The original image has been subjected
to a global marginal inversion and/or change of contrast (left) and to a local change of contrast
(right). They give the same MToS, so the same level lines depicted in (a).

(c) A different view of the image (a). The level lines are selected with same method and globally
match the ones of (a).

Figure 33: Robustness of the level lines w.r.t tranformations in the value space (b) and
the domain space (c).
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6.1

method overview

ToS T1

GoS G

ρ computation
on G
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ω
reconstruction
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Hole-filled
maxtree of ω
T (u) = Tω

ToS T3

Graph construction

Tree deduction

Figure 34: The 5-step process of the proposed method. (1) The input image u is decomposed into individual channels u1 , u2 , . . . un , for which the ToS’s are computed,
(2) the ToS’s are merged into the GoS G (2), an algebraic attribute is computed
on G and, (4) yields a scalar attribute map ω, (5) a final tree is built upon ω.
In section 3.2, we gave the definition of shapes for gray-level images as hole-filled
connected components from lower and upper threshold sets of u. Let us first relax
this definition. A shape X is a connected component of Ω without holes (i.e., such that
H( X ) = X).
Given a family of shape sets, namely M = {S1 , S2 , . . . , Sn }, where each element (Si , ⊆)
S
forms a tree, we note S = Si the initial shape set. Note that (S , ⊆) generally does not
form a tree but a graph since shapes may overlap. We aim at defining a new set of shapes
S such that any two shapes are either nested or disjoint. We do not constrain S ⊆ S , i.e.,
we allow the method to build new shapes that were not in the original shape set. We
note T : R n Ω → (P (P (Ω)), ⊆) the process that builds a tree of shapes (S(u), ⊆) from
n
an image u ∈ ΩR .
The method we propose is a simple 5-step process which consists basically in two
parts depicted in fig. 34. The first part is the construction of a GoS from ToS’s computed
marginally on each component (steps 1–2). The second part aims at deducing the tree
from the GoS and consists in computing a tree over an image reconstructed from an
attribute valuated on the GoS (steps 3–5).
6.2

the graph of shapes (gos)

First u is decomposed into its individual channels u1 , u2 , . . . , un for which the ToS’s
S
T1 , T2 , . . . , Tn are associated with the shape sets S1 , S2 , . . . , Sn . Let S = Si , we call
the GoS G the cover of (S , ⊆), i.e., it is the inclusion graph of all the shapes computed
marginally.

6.2 the graph of shapes (gos)
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Figure 35: Comparison of the GoS G with component graphs Ġ and G̈.
By starting with computing the marginal ToS’s of u, we have an initial shape set.
The trees provide a representation of the original image and u can be reconstructed
marginally from them. However, handling multiple trees is not straightforward. The
trees themselves lack some important information: how the shapes of one tree are related
(w.r.t. the inclusion) to the shapes of the other trees. The graph G is nothing more
that these trees merged in a unique structure that adds the inclusion relation that was
missing previously. As consequence, G is “richer” than {T1 , . . . , Tn }, and because the
transformation from {T1 , . . . , Tn } to G is reversible, G is a complete representation of
u; i.e., u can be reconstructed from G. Indeed, this is a component-wise restitution, i.e.,
ũ( x ) = (ũ1 ( x ), . . . , ũn ( x )) where ũi ( x ) is given by eq. (3.3) based on the shape set Si .
In addition, G is also a self-dual and a contrast invariant representation of u because
{T1 , . . . , Tn } are.
6.2.1 Differences with component graphs
In chapter 5, we have introduced an extension of the ToS to partial order in the same
way that Passat and Naegel [102] did with component-graphs for min- and max-trees.
The GoS G is different from them as illustrated in fig. 35. Ġ is actually finer than G
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A

G

B

A

Ω
B

Figure 36: A GoS that is an invalid morphological tree. Left: two marginal shapes from
red and green channels are overlapping. Right: The corresponding Graph of
Shapes (GoS) G. The points of A ∩ B belong to both nodes A and B, so the
tree G is not valid.
as any lower marginal cut can be obtained from [u  (⊤, . . . , ⊤, λi , ⊤, . . . , ⊤)] (and
upper marginal cuts as well). The shapes of G is thus a subset of the shapes of Ġ. On
the other hand, G seem unrelated to G̈ which is only composed of the shapes that are
inf/sup-generators of u. G has a strong interest from a computational point of view
because, contrary to Ġ and G̈, G can be computed efficiently by merging the marginal
ToS’s built on individual channels.
Note also that with “standard” morphological hierachies (min-/max- trees) and their
extension (the component-graph [102, 103]), for any point x, there exists a single smallest
component that contains x. As a consequence, a point belongs to a single node in the
structure. In the GoS, a point may belong to several nodes. For example, in fig. 36, the
points in ( A ∩ B) belong to both nodes A and B, but ( A ∩ B) does not exit as a node
in any marginal tree. This leads to a weird paradox, even if the GoS is actually a tree,
it is not a valid morphological tree. Thus, we cannot just extract a tree (e.g. with the
minimum spanning tree) from the GoS as it would not be valid.
6.3

computing a tree from the graph

The second part of the method tries to extract a tree from G. Let ρ : P (Ω) → N be an
algebraic decreasing shape attribute, i.e.,
∀ A, B ∈ S , A ⊂ B ⇒ ρ( A) > ρ( B)
We will discuss in the next section how we choose ρ and why we consider the depth
attribute. The depth of a shape in G is the length of the longest path of a shape A from
the root. Let ω : Ω → R defined as:
ω(x) =

max ρ( X )

X ∈S ,x ∈ X

(6.1)

The map ω associates each point x with the depth of the deepest shape containing x .
Let C = {CC([ω ≥ h]), h ∈ R }. (C, ⊆) is actually the max-tree of ω. Finally, we consider
S = H(C ) and (S, ⊆) as the final MToS Tω . The method is illustrated in fig. 37 where a
two-channel image has overlapping shapes from red and green components. The ToS’s T1
and T2 are computed marginally and merged into the GoS G for which we compute the
depth of each node (fig. 37b). Those values are reported in the image space, pixel-wise
(fig. 37c). This is this step at which we decide which shapes are going to merge; here B
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Figure 37: The method illustrated on an example.
and D are set to the same value. This choice is based on the level of inclusion and no
longer on the original pixel values. Eventually, the max-tree of the depth map is built
and yields the final MToS. In this example, the maxtree of ω gives valid shapes. However,
because C may form components with holes, the hole-filling ensures those components
are valid as shown in fig. 38.
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Figure 38: On the need for hole-filling. (a) Original 2-channel image. (b) The GoS G
valuated with depth. (c) Depth map ω reconstructed from G. (d) Maxtree of ω
without cavity filling. (e) Maxtree of ω with cavity filling. In (d), the max-tree
gives the shape A ∪ B that has a hole, so we need the hole-filling step to ensure
valid shapes (e).
Let us now explain the rationale of this part. The main objective was to get a new set
of shapes from G that do not overlap. The first observation is that for any decreasing
attribute ρ, then (S , ⊂) is isomorphic to (S, R) where A R B ⇔ ρ( A) > ρ( B) and
A ∩ B 6= ∅. This just means that the inclusion relationship between shapes that we want
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to preserve can be expressed in terms of a simple ordering relation on R with the values
of a decreasing attribute. Suppose now that (S , ⊂) is a tree and consider the image
ω ( x ) = maxx∈X,X ∈S ρ( x ), we thus have C = {CC([ω ≥ h]), h ∈ R } = S . In other words,
the max-tree of w reconstructed from ρ valuated on a tree T yields the same tree. More
generally, if a shape A does not overlap any other shape, it belongs to CC([ω ≥ h]).
6.3.1

Image reconstruction from the MToS

Whereas G is a complete representation of u, the ToS is not, so u cannot be reconstructed
from it. Indeed, the tree construction process merges some marginal shapes (in the most
sensible way as possible). Consequently a node of the final tree gets associated with
multiple values of u. Actually this problem is not new; we already faced it in section 4.3.6
when extending the min- and max- trees with a total preorder, where the loss of the
anti-symmetry implies that some “equivalent” values belong to the same node. As a
reminder, we have seen in that Naegel and Passat [89], and later Tushabe and Wilkinson
[123], have introduced some reconstruction strategies to solve the assignment problem.
The main idea is to associate to a node a single value computed from the set of values it
contains. For example, in [89] the authors proposed to assign the average vector or the
median vector to the node. In [123], the same principle is applied but only to the pixels
that belong to the nodes that are filtered out; the values of the other pixels remained
unchanged. The authors also proposed two others strategies, assigning the closest pixel’s
value from the last surviving parent, where “closest” can be interpreted in the value
space (1st strategy) or in the domain space (2nd strategy). The interested reader is referred
to those papers and to section 4.3.6 for more details. Unless otherwise specified, in part iii,
to reconstruct an image from a MToS, we use the strategy that assigns to each node the
average vector value from the original image.
6.4

choosing a sensible ρ function

The 3rd step of the method involves choosing an attribute to be computed over the GoS
G. This is a critical step since it decides afterward which shapes are going to be merged
or removed.
6.4.1

Level-Lines as a Distance Problem

Consider the distance between two points ( p, p′ ) in Ω:
dTV ( p, p′ ) = min

C( p,p′ )

Z 1
0

|∇u(C (t)).Ċ (t)| dt,

(6.2)

where C (t) is a path in Ω from p to p′ . Equation (6.2) is actually the minimum total
variation (TV) along a path between p and p′ . This measure has been used by Dubrovina
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Figure 39: Equivalence between the level lines of a gray-level image u and the level lines
of the distance maps ωTV and ωCV .
et al. [44] for segmenting where the ToS is used as a front-end to compute efficiently the
level set distance. Let ωTV ( x ) = dTV (∂Ω, x ) be the Total Variation distance map from the
border. This distance map can be computed using a simple decreasing attribute on the
ToS by summing the variations from the root to the nodes. Then, instead of considering
the tree T of u level lines, one can consider the max-tree Tω of equidistant lines. Both are
equivalent in gray-level (by prop. 5).
The problem with the Total Variation metric lies in that it depends on u, i.e., ωTV is not
contrast invariant. A contrast invariant counterpart would be to only count the number
of variations, i.e., the minimum number of level lines to traverse to get p:
′

dCV ( p, p ) = min

C( p,p′ )

Z 1
0

1 {∇u(C (t)).Ċ (t)} dt.

(6.3)

Algorithmically speaking, building ωCV consists of computing the depth attribute
ρCV ( A) = | A↑| and reconstructing ωCV ( x ) = max ρCV ( X ). This process is shown in

fig. 39.

X ∈S ,x ∈ X

6.4.2 Distance Map with Multivariate Images
Based on the equivalence between level lines and equidistant lines in gray levels, one can
produce a distance map for multivariate images. As with eq. (6.3) the idea is to count
the number of marginal level lines to traverse. Depending on the way we count the level
lines, the distance map may have several semantics:
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corresponding max-trees on the right.

Figure 40: Differences between D1 , D2 , D3 for the distance map computation.
d1 : ωCV ( x ) = | X ∈ S , x ∈ X | − 1
Count the minimal number of marginal level lines we need to traverse to get x from
the border.
d2 : ρ( A) = | A↑| and ωCV ( x ) =

max ρ( X )

X ∈S , x ∈ X

Count the number of marginal level lines to traverse to get the deepest shape that
contains x.

d3 : ρ ( A ) =

max

φ ∈ [Ω

A)

|φ| and ωCV ( x ) =

max ρ( X )

X ∈S , x ∈ X

where [Ω
A) stands for the set of paths from the root to A in G. It counts the
number of marginal level lines that are nested to traverse to get the deepest shape
that contains x.
These measures can be computed efficiently from G using basic graph algorithms (e.g.,
shortest path algorithm for D3 and ancestors counting algorithms for D1 and D2 ). The
differences between them are shown in fig. 40. While, the D2 and D3 distances yield a
union of shapes only, the D1 distances enables getting both union and intersection of
shapes. However, in practice, they define similar shape sets that differ essentially for very
small components (i.e., at the noise level) as shown in fig. 41. Indeed, figs. 41d to 41f show
that the level lines of the distance maps computed with the three measures are quite
similar and they agree with the level lines of the gray level version of the original image

6.5 selecting shapes by priority

(a) Original image

(d) ω map computed with D1

(b) Level lines of the TV dis- (c) Distance map computed
tance computed on a gray
with a Djikstra-like algolevel version of (a)
rithm.

(e) ω map computed with D2

(f) ω map computed with D3

Figure 41: Distance maps computed with D1 , D2 , D3 on a practical example. Distances
are shown with the heat LUT for a better understanding. While (d), (e), and (f)
give a set of level lines that agree with (b), (c) does not.
(fig. 41b). As a consequence, for the illustrations in part iii, we consider the distance D3
as it is the fastest to compute. Note that it might be tempting to compute the distance
map ω using a more conventional shortest-path algorithm, however it has been shown
by Dubrovina et al. [44] that it cannot be used reliably to compute level line distance
due to topological issues. It would yield a totally different set of level lines that do not
represent correctly the image content. In fig. 41c, we show the level lines of the distance
map using the Djikstra shortest path algorithm. As one can see, it gives a totally different
set of level lines and fails in retrieving the level line surrounding the plane.
6.5 selecting shapes by priority
We have previously introduced operators that create new shapes by merging some
marginal shapes. Consider now we want to restrict ourselves to existing marginal shapes
and prevent the creation of new shapes. Rather we want to keep the largest subset S ′ ⊂ S
of the most “important” ones such that (S ′ , ⊆) forms a tree. The “importance” of a shape
being given by a priority function p : S → R, where a low value stands for an higher
priority.
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Consider the example in which we want to select every red shape, then every green
shape that does not overlap a red shape and so on with the blue shapes. . . . The underlying
priority function is:
p( A) = min{i ∈ N | A ∈ Si }
(6.4)

i.e., we give a priority “1” for shapes in the first tree, “2” for shapes in the second tree,
and so on. Any other priority function can be used but it has to be contrast invariant
if we want the final representation to be contrast invariant as well (any shape attribute
would make the deal such as the elongation, the curvature, etc.).
Consider first d : S → N n defined as:
d( A) = (|{ X ∈ S1 , A ⊆ X }|,

|{ X ∈ S2 , A ⊆ X }|,
··· ,

|{ X ∈ Sn , A ⊆ X }|)

(6.5)

In other words, given the ith tree, di ( A) is actually the number of shapes from it which
each contain A.
Proposition 1. Consider the product order  on N n defined as:
a  b ⇔ ∀i, ai ≤ bi

(6.6)

And the partial ordering relation ≺S on S s.t.
A d B ⇔ A ∩ B 6= ∅ and d( A)  d( B)

(6.7)

Then (1) d is an homomorphism from (S , ⊆) to (N n , ) and (2) (S , ⊆) is isomorphic to
(S , d ).
Proof. 1. Let A and B be two shapes. If A ⊆ B, then any other shape containing B also
contains A, thus ∀i, di ( A) ≥ di ( B) and: A ⊆ B ⇒ d( A)  d( B).
2. We need to proove that A ⊆ B ⇔ A d B. The ⇒ is straighforward by (1).
Now we proove that A d B ⇒ A ⊆ B by contradiction. Suppose A d B and A * B.
We assume that A ∈ Si and B ∈ S j . If i = j, A and B belongs to the same tree Ti thus A
and B are either nested or disjoint. Since A ∩ B 6= ∅ and di ( A) ≥ di ( B), it contradicts
A * B. Consider now the case where i 6= j. We note S jA = { X ∈ S j , A ⊆ X }. The shapes
of S jA and S jB are either nested or disjoint. Since A ∩ B 6= ∅ and d j ( A) ≥ d j ( B) then
S jA ⊇ S jB . Since B ∈ S jB but A * B then B 6∈ S jA . That contradicts S jA ⊇ S jB and finishes
the proof.
A
Let Svlap
denote the set of of shapes which overlap A:
A
Svlap
= { X ∈ S | A ∩ X 6= ∅, X 6⊂ A, A 6⊂ X }

= { X ∈ S | A ∩ X 6= ∅, d( X ) ⊀ d( A), d( X ) ⊁ d( A)}

6.6 conclusion

We are actually interested in those shapes of lower priority. We denote p′ ( A) the lowest
priority of the shapes that overlap A:
p′ ( A) = min p( X )
A
X ∈Svlap

And finally we can define the shape selection by priority operator ρ : S ⇒ N n :
(
d( A) if p( A) ≤ p′ ( A)
ρ( A) =
⊥
otherwise
Proposition 2. For any two shapes A 6= B ∈ S , either A ∩ B = ∅ or ρ( A)  ρ( B) or
ρ( B)  ρ( A)
Proof. Suppose A ∩ B 6= ∅.
If A ⊂ B or B ⊂ A we have either ⊥  d( A)  d( B) or ⊥  d( B)  d( A) thus
ρ( A)  ρ( B) or ρ( A)  ρ( B). Otherwise A and B overlap without being nested, thus
ρ( A) = ⊥ or ρ( B) = ⊥ and then, ρ( A)  ρ( B) or ρ( B)  ρ( A)
Proposition 3. The maxtree of ω ( x ) =
that do not overlap.

≺

max ρ( X ) only contains the shapes of highest priority

X ∈S ,x ∈ X

Proof. Consider the set of shapes S ′ = { A ∈ S | ρ( A) ≻ ⊥} ∪ {Ω}. Then, ∀ A, B ∈ S ′ ,
ρ( A)  ρ( B) ⇔ d( A)  d( B). We define the relation ρ on S ′ as in eq. (6.7) replacing d by
ρ. It follows that (S ′ , ρ ) is isomorphic to (S ′ , d ) and by prop. 1, (S ′ , ⊆) is isomorphic
to (S ′ , ρ ). By prop. 2, it follows that (S ′ , ⊆) and (S ′ , ρ ) form a tree. By prop. 5, the
max-tree of ω is (S′ , ⊆).
6.6 conclusion
In this chapter, we have introduced a novel approach to extending the ToS to multivariate
data. This novelty lies in the fact that we do not rely on any total ordering on values.
Instead, we proposed merging the level lines issued from several ToS’s computed on
each component marginally. The way of merging those level lines is not dependant on
their values but rather on their level of inclusion through a structure called the GoS.
Instead of merging shapes, we have also introduced a way to select a set non-overlapping
shapes given a priority criterion. In the next chapter, we will prove that trees generated
by the proposed method meet some important criteria such as the marginal contrast
change/inversion of contrast.
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P R O P E RT I E S O F T H E M TO S

In chapter 6, we have introduced a method, the MToS, to extend the ToS to multivariate
data. We also highlighted some properties of the ToS that we would extend to the MToS:
• the invariance to the change of constrast,
• the invariance to the inversion of contrast (self-duality),
• the support for connected operators.
A transformation ψ is said to be contrast change invariant if given a strictly increasing
function g : R → R, g(ψ(u)) = ψ( g(u)). Moreover, the transformation is said to be selfdual if it is invariant w.r.t. the complementation, i.e., ∁(ψ(u)) = ψ(∁(u)) (for images with
scalar values ∁(u) = −u). When ψ is both self-dual and contrast change invariant, then
for any strictly monotonic function G (i.e., either strictly increasing or decreasing), we
have G (ψ(u)) = ψ( G (u)). The ToS is actually a support for many self-dual morphological
operators and a representation T is said to be self-dual and morphological if T ( G (u)) =
T ( u ).
In this chapter, after a recall of topological considerations about the ToS in section 7.1,
we are going to prove in section 7.2 that the method T, producing the MToS T (u) =
(S(u), ⊆), has the following properties:
(p0) Well-formed tree On “classical” images (not synthetic), the tree has a sufficient height
and a sufficient number of nodes. In other words, it produces a tree which is
topologically similar to the “classical” ToS.

S
X
=Ω
(p1) Domain covering
X ∈ S (u)
(a point belongs to at least one shape)
(p2) Tree structure
∀ X, Y ∈ S(u), either X ∩ Y = ∅ or X ⊆ Y or Y ⊆ X
(any two shapes are either nested or disjoint)
(p3) If a shape X ∈ S verifies:

∀Y 6= X ∈ S , X ∩ Y = ∅ or X ⊂ Y or Y ⊂ X
then X ∈ S(u) (any shape that does not overlap with any other shape exists in
the final shape set). A corollary of this property is the scalar ToS equivalence. If
M = {S1 } then S(u) = S1 , i.e., for scalar images the tree built by the method is
equivalent to the graylevel ToS.
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(p4) Marginal contrast change/inversion invariance.
Let us consider G(u) = ( G1 (u1 ), G2 (u2 ), . . . , Gn (un )), where Gi is a strictly monotonic function, then T is invariant by marginal inversion/change of contrast; that is,
T (G(u)) = T (u).
7.1

topological considerations

First Shape
Second Shape
Border

Figure 42: Shapes on the cubical grid (here the 2D square grid).
Throughout this paper, we assume that the image has its domain on a cubical grid that
allows continuous properties while staying on a discrete space. The algorithm proposed
by Géraud et al. [46] to compute the ToS in grayscale uses this representation as well and
more advanced details about topological properties with this grid can be found in [94].
We simply recall basic notions that will be necessary for the proofs in this chapter. We
denote KΩ the domain Ω immersed on the cubical 2D grid. Previously, as a matter of
clarity, we have denoted Ω the domain of the image, but KΩ was always assumed. In
fig. 42, original pixels are represented by 2-faces (large square) and intermediate pixels
are added (1-faces and 0-faces). In the ToS, a shape A is an open set on the grid and may
be composed of 0, 1 and 2-faces. In fig. 42, red and green elements represent two disjoint
shapes A and B. On the other hand, the border of a shape is composed of 0 and 1-faces
only (red elements). Shape boundaries are the actual level lines of the image. We denote
∂A, the border of the set A and Ā = A ∪ ∂A the closure of A. Note that in the tree of
shapes, two shapes are either nested or disjoint but Ā and B̄ may overlap as shown in
fig. 42.
Proposition 4. Let a shape A ∈ S , and x ∈ ∂A, then ∀ X ∈ S , x ∈ X ⇒ X ∈ A↑.
Proof. Suppose x ∈ ∂A, and a shape B ∈ S such that x ∈ B. Then, B is an open set, so it
contains the 2-face in A adjacent to x and B ∩ A 6= ∅. Two shapes being either disjoint
/ A, it follows that A ⊆ B and
or nested, we have B ⊆ A or A ⊆ B. Since x ∈ B but x ∈
B ∈ A ↑.

7.2 proof of correctness

7.2 proof of correctness
We now prove that the MToS construction process meets the properties given at the
beginning of the chapter.
Proposition 5. Given a set of shapes S where any two shapes are either disjoint or nested ((S , ⊆)
is a tree) and a strictly decreasing attribute ρ then C = S
Proof. (⇒) Let a shape A ∈ S . ∀ x ∈ A, we have:
ω ( x ) = ( max ρ( X )) ≥ ρ( A)
X ∈S ,x ∈ X

Let now, x ∈ ∂A, ∀ X ∈ S , x ∈ X, we have A ⊂ X (by prop. 4), thus ρ( X ) < ρ( A) and
ω ( x ) < ρ( A). It follows that A ∈ CC([ω ≥ ρ( A)]) and A ∈ C.
(⇐) Let A ∈ P (Ω), A 6∈ S , we note SES( A) the smallest enclosing shape that includes A.
Suppose now that A ∈ C, then ∃λ ∈ R, A ∈ CC([ω ≥ λ]). Let α ∈ R, α = minx∈ A ω ( x ),
then λ ≤ α. Yet,
α = min ω ( x ) = min
x∈ A

=

x∈ A

max ρ( X )

X ∈S , x ∈ X

min

X ∈S , A∩ X 6=∅

ρ( X )

= ρ(SES( A))

Thus, A ∈ CC([ω ≥ λ]) with λ ≤ ρ(SES( A)). But, since A ( SES( A) and A, SES( A) ∈
C then λ > ρ(SES( A)) which contradicts λ ≤ ρ(SES( A)). Therefore, A 6∈ S ⇒ A 6∈ C
A direct consequence of prop. 5 is that given a ToS T and the max-tree Tω of the image
ω reconstructed from a decreasing attribute ρ over T , then Tω = T .
Proposition 6. The method provides a tree Tω that verifies the property (P1), (P2), (P3), and
property (P4) if ρ is a pure algebraic attribute (it does not depend on the values of u).
Proof. (P1) and (P2) are straightforward because the 5th step consists in computing a
max-tree with hole-filled components on a scalar image ω. The shapes of the hole-filled
maxtree being a subset of the shapes of the ToS of ω, it follows that any two shapes are
either nested or disjoint.
(P3) With the same proof as in prop. 5, we show that ∀ A ∈ S , if ∀ B ∈ S , A ∩ B = ∅ or
A ⊆ B or B ⊆ A, then A ∈ C and A ∈ S.
(P4) A marginal tree Ti only depends on the ith channel, thus it is invariant w.r.t. to u j
(j 6= i). By property of the ToS, Ti is contrast change/inversion invariant w.r.t. ui . It follows
that every Ti is marginally invariant w.r.t. u and so does the set of shapes S to build the
graph G. Since the rest of the process only depends on the graph topology and no more
on the values of u, Tω is thus marginally contrast change/inversion invariant.
Proposition 7. The method provides a tree Tω which is well-formed (P0).
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Image

Size

#nodes

airplane
baboon
barbara
boats
goldhill
house
lenna
pepper

262k
240k
414k
453k
414k
65k
262k
262k

81k / 129k
89k / 129k
141k / 228k
119k / 208k
123k / 240k
22k / 35k
69k / 161k
102k / 200k

Avg. depth

Max depth

75 / 78
41 / 63
64 / 136
83 / 163
58 / 105
36 / 77
40 / 59
43 / 117

234 / 197
95 / 127
203 / 306
232 / 295
223 / 295
154 / 175
148 / 193
148 / 291

Table 1: Tree statistics comparison on well-known test images between the ToS on the
gray-level image (left side of the columns) and the MToS on the color image
(right side of the columns).
To verify the property (P0), we have computed some statistics about the tree topology
on some classical images. In table 1, we show the number of nodes, the average node
depth and the height of the MToS compared to the ToS computed on the gray level
version of the image. The number of nodes in the MToS is 50% to 100% higher than in the
ToS that highlights a better precision. Moreover, the average depth of the nodes (as well
as the height of the tree) increases significantly meaning that we do not just add some
leaf nodes (noise) but rather, some large shapes that increase the shape inclusion chains.
7.3

conclusion

In this chapter, we have proven that the process exposed in chapter 6 builds the MToS
which statisfies the desired properties; that is: a hierarchical structure, organizing holefree connected components in terms of inclusion, which is invariant to any marginal
change or inversion of contrast. We have seen that those properties are of main interest in
a context requiring a certain robustness to a change of illumination or a change of scene
view since these properties should ensure that the topology of the tree remain globally
the same in those cases. Yet, we have not discussed the properties of reconstruction
from the MToS. Since the image cannot be recovered from the MToS, one can wonder
which restitution strategy would ensure a idempotent filtering? Indeed, we have seen in
section 3.2, that depending on the filtering strategy, the reconstructed image may not
correspond to the tree from which the reconstruction was based. Here, the problem
is even harder. Since many values might be associated with a single node, we have to
construct a rule for selecting the filtering values when nodes are removed. The questions
about the properties of the restitution are thus postponed as a further work.

8

M T O S C O M P U TAT I O N A L G O R I T H M

In chapter 6, we have introduced a two-step process to compute the MToS. The first
step requires the computation a new structure called the Graph of Shapes (GoS). The
second consists of computing a tree from the graph. In this chapter, we will introduce
the algorithms involved in those two steps in section 8.1 and section 8.2. Eventually, in
section 8.3, we will discuss the complexity of those algorithms.
8.1

computing the graph of shapes

To start with, we have to compute the ToS’s on each channel independently. We rely
on the algorithm of Géraud et al. [46] and we use the same tree encoding as they do.
That is, a ToS is encoded through a parent image where the parent relationship denotes
the inclusion of shapes. A shape is actually represented by a single point, namely the
canonical element. This point serves as the parent for all other points of the shape. We
suppose the function getCanonical( x ) that returns the canonical element of the node that
contains x.
In the following, lowercase symbols (e.g. x, y, p, . . .) denote points in Ω while uppercase
symbols (e.g. A, B. . . ) denote points that are canonical elements. By abuse of notation,
we let A denote three things: the shape (element of P (Ω)), the tree node (the elements of
A that are not in a sub-shape) and the canonical element (element of Ω) that represents
A.
A straightforward algorithm to compute G would be to test inclusion of shape of one
tree with every shape of the other tree to get the graph of inclusion and then perform its
transitive reduction. It would lead to a complexity of O(n3 ). This complexity can drop
to n2 by pre-computing the Smallest Enclosing Shape (SES) of every shape in every tree
using dynamic programming that enables removing the transitive reduction of the final
graph.
Finding the Smallest Enclosing Shape of A in a shape set S , i.e.,
SES( A) =

⊆
^

{X ∈ S , A ⊆ X}

can be formulated as a well-known Least Common Ancestor problem on lattices. Indeed,
the smallest enclosing shape of A is the least common ancestor of all p ∈ A. Moreover,
since SES( A ∪ B) = LCA(SES( A), SES( B)), a dynamic programming formulation of the
problem exists and enables a fast recursive computation on trees:
SES( A) = LCA(SES(C1 ), . . . , SES(Ck ), x1 , . . . , xk′ )

(8.1)
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Algorithm 1: Least Common Ancestor
Input: A, B: two shapes in Si
Output: The least common ancestor of A, B in Ti
Data: par The parent image encoding Ti
depth The depth attribute on Ti
if A = NULL then return B;
if B = NULL then return A;
while depth( A) < depth( B) do B ← par( B) ;
while depth( B) < depth( A) do A ← par( A) ;
while A 6= B do A ← par( A); B ← par( B) ;
return A;

Algorithm 2: Smallest Enclosing Shape
Data: par The parent image encoding Ti
Output: The SES attribute for Ti w.r.t T j
SES( A) ← NULL foreach A ∈ Ti ;
foreach point x ∈ Ω do
A ← getCanonical( x ) in Ti ;
X ← getCanonical( x ) in T j ;
SES( A) ← LCA(SES( A), X ) in T j ;

foreach node A ∈ Ti upward do
Q ← par( A);
SES( Q) ← LCA(SES( Q), SES( A)) in T j ;
return SES

where C1 , . . . , Ck are the children of A and x1 , . . . , xk′ are the points contained in the
node A. Algorithm 1 computes the least common ancestor of two shapes A and B by
following the paths of A and B up to the root and stops as soon as the paths join each
other. This relies on the depth of nodes to advance the path at the same tree level so
the depth attribute has to be computed as pre-processing. Algorithm 2 computes for
each shape A of the ith tree its smallest enclosing shape in the jth tree. In the following,
we denote this smallest enclosing shape by SESij ( A). It is a straightforward attribute
computation that processes the tree in a bottom-up fashion using eq. (8.1).
To compute the GoS, we rely on the output of the smallest enclosing shape algorithm
to get a graph which is almost already reduced. Algorithm 3 proceeds as follows. It first
adds new vertex in the graph for each shape of the trees T1 , . . . , Td , taking care of not to
add a shape twice if it belongs to several trees. For that purpose, we rely on the smallest
enclosing shape attribute computed previously. Indeed, if two shapes Xi and X j from
respective trees Ti and T j are equal, then we have SES ji ( X j ) = Xi and SESij ( Xi ) = X j .

8.1 computing the graph of shapes

Algorithm 3: Graph of shapes computation algorithm
Output: G = (V, E) the graph of shapes, with V the set of shapes and E the set of
edges
Data: Ti = (Si , ⊆) The marginal tree of shapes
Data: pari The parent image encoding Ti
Data: SESij The SES attribute on Ti w.r.t T j
Data: d The graph attribute as defined in eq. (6.5)
1
2
3
4
5
6
7
8

V ← ∅; E ← ∅;
{ add nodes to V };
for i ← 1 to d do
foreach node A in Ti do
skip ← False;
for j ← 1 to i − 1 do
if SESji (SESij ( A)) = A then
skip ← True;

9

if not skip then V ← V ∪ { A} ;

10

{ add edges to E };
foreach tree Ti do
foreach node A in Ti do
E ← E ∪ {( A, pari ( A)};
foreach j ← 1 to d such that A 6∈ T j do
E ← E ∪ {( A, SESij (A)};

11
12
13
14
15
16
17
18
19
20

// A 6∈ V

{ remove from E all the edges that are not in the cover };
foreach vertex A ∈ V do
foreach pair of edges ( A, U ), ( A, U ′ ) do
if d(U ) ≻ d(U ′ ) then E ← E \ ( A, U ′ );
return G = (V, E);

Then, the condition SES ji (SESij ( Xi )) = Xi at line 7 with j < i allows to detect if the shape
has already been inserted before.
Next, the edges of the graph are added. Each shape is linked to its parent and to
every smallest enclosing shape in the other trees. This way, we prevent inserting a lot of
edges that would otherwise be removed during the reduction step. However, some edges
still need to be removed. Consider for example the simple case where we have three
shapes A, B, C (one in each tree) such that A ⊂ B ⊂ C. Then, the graph would contain
the edges ( A, B), ( A, C ) and ( B, C ) but ( A, C ) is not in the cover of the graph. Thus,
the last step of the algorithm aims at removing {( A, C ) | ∃ B, A ⊂ B ⊂ C }. An efficient
way to know if two intersecting shapes are nested is to rely on the attribute d( A) =
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(depth1 (SES1 ( A)), . . . , depthn (SESn ( A))) defined in section 6.5. We know by prop. 1 that
(S , ⊆) is isomorphic to (S , d ) thus ∀ B, C ∈ S , B ∩ C 6= ∅ and d( B) ≻ d(C ) ⇒ B ⊂ C.
8.2
8.2.1

tree extraction algorithm
Computing the distance map

We have seen in section 6.4 that the second part of the method involves computing an
attribute over the graph and constructing a distance map that renders the level of inclusion
of each pixel. We have proposed three depth functions that we succinctly reiterate here:
d1 : ωCV ( x ) = | X ∈ S , x ∈ X | − 1
Counts the minimal number of marginal level lines we need to traverse to get x
from the border.
d2 : ρ( A) = | A↑| and ωCV ( x ) =

max ρ( X )

X ∈S , x ∈ X

Counts the number of marginal level lines to traverse to get the deepest shape that
contains x.

d3 : ρ ( A ) =

max

φ ∈ [Ω

A)

|φ| and ωCV ( x ) =

max ρ( X )

X ∈S , x ∈ X

where [Ω
A) stands for the set of paths from the root to A in G. It counts the
number of nested marginal level lines to traverse to get the deepest shape that
contains x.
As said in section 6.4, D3 is straightforward to compute as one just has to apply a
shortest path algorithm from the root. However, it requires a small modification as we
want for each node, the length of the longest path instead of the shortest.
On the other hand, computing D1 and D2 are a bit more challenging as we have to
avoid counting the nodes twice during the accumulation of values along the paths. For
that purpose, we are going to rely on individual trees as there exists a single path from
the root to any node, thus easing the process. Let,
(
0 if ∃ 1 ≤ j < i, SES ji (SESij ( X )) = X
Uniqi ( X ) =
1 otherwise
The function Uniqi ( X ) tells for each shape X of Ti if it is already present in a tree T j ,
j < i. If so, the shape counts for zero, one otherwise. As for the algorithm 3, the test
SES ji (SESij ( X )) = X allows us to know whether a shape of Ti belongs also to T j . Now,
we can define the function d′ i ( A) that computes the number of shapes in Si that include
A but are not available in any other tree T j , j < i:
d′ i ( A ) =

∑

X ∈Si , A⊆ X

Uniqi ( X )

8.2 tree extraction algorithm

Algorithm 4: Computation of the depth without shape redundancy.
Output: di′ The depth attribute without shape redundancy.
Data: Ti = (Si , ⊆) The marginal tree of shapes
Data: pari The parent image encoding Ti
Data: SESij The SES attribute on Ti w.r.t T j
foreach node A in Ti downward do
uniq ← True;
for j = 1 to i do
if SES ji (SESij ( A)) = A then
uniq ← False;
if uniq then
di′ ( A) ← di′ (pari ( A)) + 1;
else
di′ ( A) ← di′ (pari ( A));
return di′ ;
Algorithmically speaking, this is a minor change to depth attribute computation algorithm. This is illustrated in algorithm 4, where for each node A of Ti , we first check if
it does exist in any previous tree T j and, according to the result, we then increment the
depth from its parent’s value.
Let Six denote the smallest shape containing x in Si , and S x = { S1x , . . . , Sdx }, then:
• D1 involves computing the number of shapes containing x which is also the number
of inclusions of Six in each tree minus the size of the intersection of the shape sets.
So:
ωCV ( x ) =

d

∑ d′ i (Six )

i =1

• D2 involves computing the number of ancestors of A in the graph. This is actually
the number of inclusions marginally in each tree minus the number of shapes that
are common to these trees.
ρ( A) =

d

∑ d′ i ( A )

i =1

ωCV ( x ) = maxx ρ( X )
X ∈S

8.2.2 Computing the hole-filled max-tree
Once the distance map ω is built, we need to compute its hole-filled max-tree. The
straightforward algorithm that consists of computing the max-tree, filling its components
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and testing their inclusion to build back a new tree would lead to a high complexity.
Since the shapes of the ToS are actually a super-set of the hole-filled components of the
max-tree, a better method is to compute the ToS and filter out shapes issued from lower
threshold sets. We have seen in section 3.2.3, that the direct filtering cannot be used
reliably as the reconstructed image may no match the filtered tree. So we have to use
a subtracting filtering ensuring that the value of the nodes in the new tree are strictly
increasing when traversing it downward.
8.3

complexity analysis

Let N = |Ω| denote the number of pixels in the original image and d be the dimension
of F. As pre-processing, we have to compute the ToS’s marginally on each channel
and the depth attribute. A single tree computation is quasi-linear 1 (O( N log log N ) for
high-quantized data) and a simple attribute computation is O( N ) (as there are at most as
many nodes in the tree as the number of pixels). Thus, the pre-processing is O(d.N.αN ).
Algorithm 2 requires for each point a least common ancestor computation which is O( H ),
where H is the depth of the ToS so O( N.H ). In the degenerated case, where the tree is
a chain, we have H = N, but in practice the depth of the trees is much less than N, so
we use the average complexity H (on natural images, H ≃ 300). Algorithm 3 requires
algorithm 2 to be computed on each pair of tree (O(d2 .N.H )), next adds the nodes to V
(O(d2 .N )), then adds the edges to E (O(d2 .N )) and finally reduces the graph (O(d2 N ))
(because |V | is at most d.N, and each node has at most d outer edges). Finally, the overall
complexity of the process is dominated by the computation of SESij ; that is O(d2 .H.N ).
However, the parallelization of this computation is straightforward since the SESij are
not dependent on each other.
Let us now focus on the second part of the method, where we have to build the distance
map ω. Using the distance D3 , we have to compute the longest path length from the
root to any node. A Dijkstra-like algorithm is O(| E| + |V | log |V |), but since the graph is
acyclic, we can use a topological sorting to calculate the root source longest distances
in O(| E| + |V |) = O(d.N ). The other distances D1 and D2 use a single pass algorithm
over each trees so O(d.N ) as well. Finally, to get the final hole-filled max-tree, we have
to build the ToS and perform a simple filtering. The complexity is dominated by the
construction process, which is O( N.α( N )).
8.4

conclusion

In this chapter, we have given the algorithms involved in the computation of the MToS.
The process has two main parts: the construction of the GoS and the computation of a tree
from it. We have seen that the most computationally expensive part is the construction of
the graph, as it requires to retrieve for any shape of each tree, its smallest enclosing shape
1 O( N.α( N ) where α(n) is the inverse of the Ackermann function which increases slowly.

8.4 conclusion

in any other tree. The second part being just an attribute computation over the graph to
get the distance map and its ToS computation; it is negligible compared to the first part.
The whole process is quasi-linear in the number of pixels, but quadratic in the number
of dimension, that makes it, at first glance non-practicable for high dimensional data.
However, we have noted that the parallelization of the quadratic part is straightforward
as it is a process on each marginal tree.
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In chapter 6 and chapter 7, we have introduced a new hierarchical representation of
multivariate images which meets important properties regarding the invariance to any
marginal change or inversion of contrast. This approach, that extends the ToS to multivariate data, tries to merge some marginal shapes in a sensitive way, by relying on the
inclusion relationship between marginal components only. As a consequence, one may
wonder the influence of some perturbations on one channel in the merging process. This
chapter is two-fold. In section 9.1, we compare the performance of the MToS to the most
standard approaches exposed in chapter 4 and show practically that it is more accurate
and avoids most artifacts present with the other approaches. Then, in section 9.2, we
lead experiments to study the influence of merging with a noisy components and with
components of different dynamics and show its robustness to both type of perturbations.
9.1 comparison with standard approaches
We have seen in chapter 4, some classical methods to extend the ToS to multivariate data.
In this section, We review some of them and compare their performance with our MToS.
An unacceptable but widely used workaround for color image processing is to get rid
of the colors and process a gray-level version of the multivariate image. This workaround
makes sense if we pretend that the geometric information is mainly held by the luminance
[31]. However, it is not that rare to face images where edges are only available in the
color space (especially document and synthetic images). They contradict this assumption
and prove that the chrominance holds the geometric information as well, as shown in
fig. 43b where the luminance is not sufficient to retrieve the whole geometric content.
Another commonly used solution is processing the image channel-wise and finally
recombine the results. Marginal processing is subject to the well-known false color
problem as it may create new values that were not in the original images. False colors
may or may not be a problem in itself (e.g. if the false colors are perceptually close to the
original ones) but for image simplification it may produce undesirable artifacts as shown
in fig. 43c.
Since the pitfall of overlapping shapes is due to the partial ordering of multivariate
data, some authors tend to impose an “arbitrary” total ordering or total (pre)ordering
on values. The most advanced strategies have been designed to build a more “sensitive”
total ordering that depends on the image content. We have seen for example that in
[74], manifold learning is used to infer a ranking function of values and in [72] a locallydependent ordering are computed on spacial windows. [71] combines both ideas for a
manifold learning in a domain-value space capturing small dependencies between a pixel
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(a) Original image u.

(b) Simplification on a gray-level version of u (198 regions).

(c) Simplification with a marginal processing (123 + 141 + 136 regions).

(d) Simplification with a nonlocal rank transformation [71] (total order) (171 regions).

(e) Simplification with our approach (158 regions).

Figure 43: Simplification issues with “standard” color image processing. (b) and (d) show
leakage problems with total ordering. (c) illustrates the false color problem
due to marginal processing. (e) shows that the MToS retrieves correctly the
main content of the image while preventing false colors.

9.2 robustness to dynamics and noise

(a)

(b)

(c)

(d)

Figure 44: Effects of merging with a noisy component. (a) Original image. (b) House (red
channel) + Gaussian Noise (σ = 20, green channel) (c) Level lines of the ToS
of (a). Level lines: 24k, avg. depth: 37, max. depth: 124. (d) Level lines of the
MToS of (b). Level lines: 48k, avg. depth: 48, max. depth: 127.
and its neighbors during the construction of the total order. This is illustrated on fig. 43d
where we have better results than using the luminance only but still have leakage issues.
On this example, as shown in fig. 43e, the MToS we have proposed retrieves correctly
the main content of the image while preventing false colors.
9.2

robustness to dynamics and noise

9.2.1 Rubustness to noise
In fig. 44, we have conducted an experiment showing the robustness of the MToS to the
noise. A 2-channel image has been built from a gray-level image for the first component
and a random gaussian noise for the second one. In fig. 44d, we show that the presence
of noise in the second channel does not alter the geometric information provided by the
first channel as the meaningful level lines in fig. 44d match the ones in fig. 44c. The noise
add new level lines at leaves level.
9.2.2 Robustness to dynamics
In fig. 45, the experiment shows the effect of the dynamics on the ToS. From the “pepper”
image, we have extracted the two first components and black out the third (blue) one
(fig. 45a). We have then limited the quantum of the green channel to 10 levels (fig. 45b).
Figures 45c to 45e show the level lines of the red channel, the green channel, and the
sub-quantified green channel respectively. Eventually, we have computed the MToS’s of
(a) and (b) to study the effect of merging components of equal and different dynamics;
the corresponding level lines are shown in figs. 45e and 45g. If the components have
similar dynamics, we retrieve shapes from both channels. Indeed, we see in fig. 45e,
shapes coming from both (c) and (d). On the other hand, in the presence of an high-
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(a) Peppers (only red/green channels)

(b) Peppers (only red/green channels) with the
green channel sub-quantized to 10 levels

(c) Level lines of the red chan- (d) Level lines of the green (e) Level lines of the green
nel of (a) and (b)
channel of (a)
channel of (b)

(f) Level lines of the MToS of (a)

(g) Level lines of the MToS of (b)

Figure 45: Effects of merging with a low-dynamic component.
dynamic channel and a low-dynamic channel, the MToS retains mainly the level lines of
the high-dynamic one. Shapes in (g) are mainly coming from (c) and the ones of (e) are
ignored. This also highlights that a component with fewer information does not disturb
the MToS in retrieving the shapes from the one with more information.
9.2.3

Merging unrelated geometric information

The last experiment we have conducted is about merging unrelated geometrical information from different sources. In fig. 46, we have combined two gray-level images into
a single 2-channel one on which we computed the MToS. The two main objects of the
pictures are retrieved in the MToS which contains the shapes of both the butter and

9.3 conclusion

Figure 46: Merging unrelated geometric information. The two first gray-level pictures
(butter and fly) are merged into a single 2-channel images whose level lines
given by the MToS are depicted in the third picture.
the fly. It shows the ability to our approach to merge information split across different
channels of the image.
9.3 conclusion
In this chapter, we have led some experimentation showing the pertinence and the
accuracy of the MToS compared to standard approaches that impose a total ordering on
values. We have seen practically that it can avoid leakage effects or color artifacts that are
present with the other methods. We have also shown the robustness of the MToS to noisy
channels or low-dynamic channels, which is of prime importance since it means that a
channel which brings no information does not prevent our method to retrieve sensitive
information from the other channels.
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10.1 grain filters
A grain filter [29, 108] is an operator that removes the regions of the image which are
local extrema and whose area is below a given threshold. In that sense, it is related to
extreme filters but ensures an symmetric processing of the minima and the maxima, i.e.,
it is self-dual. Using the ToS, a grain filter is thus a simple pruning, removing the nodes
which do not pass the size criterion. This is illustrated in fig. 47. We assign for each node
the size of the components and remove those nodes whose size is below 4, i.e., every
node below the red dashed curve. The pixels they contain are then attached to the first
ancestor above the red curve. Despite the simplificy of this filter, we will see its power for
image simplification and document layout extraction in section 10.1.1 and section 10.1.2
respectively.
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Figure 47: Scheme of a grain filtering process.

10.1.1

Image simplification

Grain filters allow us to reveal the “correctness” of the tree in the sense that a small grain
size should filter out what we perceive as noise or details while an high grain size should
show the main objects and the structure of the image. In fig. 48, we show the inclusion
map ω computed using our method and the image reconstructed from the max-tree Tω .
The reconstruction consists of computing for each node the average color of the pixels
it contains and then, assigning this value to the pixels, this is the Pmean strategy seen
in section 6.3.1. Because Tω is not a reversible representation of u, the latter cannot be
recovered from Tω , however the reconstruction is close to the original. In fig. 48d, we
have applied size-increasing grain filters that eliminate details in a “sensitive” way and
provide a reconstruction with few color artifacts that validate the structure organization
of our tree.
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(a) Original

(b) Depth image ω

(c) Reconstruction from Tω

(d) Grain filters of sizes 10, 100 and 500

Figure 48: Grain filters
10.1.2

Document layout extraction

We use a grain filter to extract text boxes and graphical parts of documents. Indeed, text
parts are composed of letters which are supposed to be small components if the MToS is
well-formed. On the contrary, text boxes and grahical contents are large components that
should remain after the filtering. Figure 49 shows the extraction of non-textual content
where self-duality matters since text may be over a darker or brighter background. As
one can see, the filtered images only contain the graphical content and text boxes while
actual letters are in the residue.
10.2

energy minimization constrained to trees’ topology

In [32], authors claim that the significant contours of objects actually correspond to
some segment of the level lines of the image. As a consequence, image simplification or
segmentation can be interpreted in terms of a selection of some meaningful level lines
in the ToS [23, 21]. Following the same idea, [13, 101], and later [142], proposed simplification methods that try to select the subset of level lines such that the reconstructed
image minimizes the simplified Mumford-Shah cartoon model [87]. This is so an energy
optimization constrained by the tree topology. More formally, we have to select a subset
of shapes S ′ ⊂ S that minimizes:
E(S ′ ) =

∑′ ∑

S∈S x ∈S|Sx =S

||u( x ) − ū(S)||22 + λ |∂S|,

(10.1)

10.2 energy minimization constrained to trees’ topology

Figure 49: Simple filtering for document layout detection. Top row: original images;
bottom row: results of grain filters.
where Sx denotes the smallest shape containing x, ū(S) is the average color of the region
and |∂S| the length of the shape boundary. In [13], the authors proposed a greedy
algorithm that iteratively removes shapes from S . It is composed of the following steps:
1. Initialize S ′ = S
2. For each node (shape) S of S ′ , compute ∆E(S) which tells how much the energy
decreases, i.e., ∆E(S) = E(S ′ ) − E(S ′ \ {S})
3. Search for the optimal shape S∗ = arg minS∈S ′ ∆E(S) (we note par(S∗ ) its parent)
and remove S∗ from S ′ .
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Figure 50: Scheme of the algorithm for energy minimization on trees. Left: the nodes are
valuated with ∆E, red labels stand for their meaningfulness priority. Middle:
at the first iteration, node 1 is removed, the blue nodes have their energy
updated. Right: after several iteration, all ∆E are positive; we cannot remove
any that would decrease the global energy; we have reached a local minimum.
4. Update the energy ∆E of par(S∗ ) and its children. The energies of those shapes are
the only ones to be affected by the removal. These nodes actually correspond to the
parent, the children, and the siblings of the old shape S∗ .
5. Go back to (3) until reaching stability.
At the end of the process, we reach a local optimum in the sense that no more shapes
can be removed without increasing the energy. From an implementation point of view,
the method requires maintaining a priority queue of the nodes w.r.t. their energy. In [142],
the authors proposed replacing that priority queue by a predefined processing ordering
of the nodes to speed up the process. Typically, the nodes are first sorted w.r.t. their
meaningfulness (e.g. the magnitude of gradient on boundaries). This avoids updating the
heap used for the priority queue and drops the complexity from O( N log N ) to linear
time. An example of such a process is illustrated in fig. 50.
The steps (2) and (4) of the method requires us to update the costs ∆E, so this
computation must be effective to ensure a fast processing. Let X be a shape of S ’,
Y = par( X ) its parent, and Xpr , Ypr the “proper” pixels of the shapes (i.e., the pixels that
are not in any descendants). Then, ∆E can be rewritten as:
∆E( X ) = E(S ′ ) − E(S ′ \ { X })

=

∑

X ∈ Xpr ∪Ypr

=

∑

x ∈ Xpr

||u( x ) − ū( Xpr ∪ Ypr )||22 −

||u( x )||22

−

|| ∑ Xpr ∪Ypr

u( x )||22

| Xpr | + |Ypr |

∑

X ∈Ypr

+

||u( x ) − ū( Xpr )||22 − λ.|∂X |

|| ∑ x∈Ypr u( x )||22
|Ypr |

− λ.|∂X |

From this rewriting, one can see that ∆E can be expressed as a per-shape attribute
computation that only requires to sum up u( x ), u( x )2 and the number of proper pixels.

10.2 energy minimization constrained to trees’ topology

Figure 51: Natural image simplification with the MToS. Left: original images; Right: the
simplification running on the MToS. The same λ parameter (λ = 5000) is used
for both images; the simplified images have less than 100 level lines.
10.2.1

Natural image simplification

Figure 51 shows the simplification on natural images. While dividing the number of level
lines by about 200, the main geometric information is preserved by the simplification.
Also, those images are typical cases where the chrominance plays an important role
in distinguishing regions with similar brightness. Low-contrasted boundaries between
regions of similar luminance create a “leakage” effect and level lines merge unrelated
objects that are disjoints with the MToS.
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(a) 285 over 113k level lines selected

(b) 112 over 727k level lines selected

(c) 161 over 194k level lines selected

Figure 52: Image simplification for old document restoration.
10.2.2

Old document restoration

Figure 52 illustrates the need for contrast invariance in the case of document restoration.
Here, the important point is that the MToS is able to retrieve low-contrasted letters
even in the presence of “show-through”. Since we use a segmentation energy, we do
not pretend that it is the perfect solution for document binarization, however since the
documents are widely simplified but keep all the objects of interest, it may serve as a
pre-processing for a more specific binarization method.

10.3 shapings

10.3

shapings

Hot Spots

Energy

Non meaningful
extrema

Energy

Energy

Hot Spots

(a)

Node depth

(b)

Node depth

(c)

Figure 53: Illustration of getting meaningful high energetic nodes on trees. (a) Schematic
view of the energy evolution on the tree nodes. High energetic nodes are
located at the same place, in the green circles. (b) Evolution of the energy
along a branch of the tree. Interesting nodes are local maxima, however all of
them are not interesting. (c) The extinction value (dynamics) of each maximum
rendered with arrows, hot spots have a high extinction value compared to
non-meaningful maxima.
In chapter 3, we have seen some hierarchical image representations based on level sets:
the min-/max-trees and the ToS. An interest of these trees holds in that they enable us
to easily filter some components based on some shape descriptors. This is basically a
two-step process: first, the features of the shapes are described through a scalar measure
(namely, an attribute) which is computed on the tree, and second, the nodes below a given
threshold are filtered out. In the case of non-increasing attributes (which are the most
common), we have seen in section 3.1.2 that there exist several filtering strategies which
decide the nodes which will eventually remain.
Let us now consider the case of object detection. While “standard” filtering approaches
may yield interesting results, we still face two major problems that are illustrated in
fig. 53:
• The shapes evolve slowly along the branch, i.e., there are only few pixels added
between a shape and its parent. As a consequence, if we look at the energy distribution on the tree, many close shapes have an high energy and would pass the
threshold criterion. In other words, we would detect the same object several times. We
could limit ourselves to the node with the highest energy per-branch, but then we
would face another challenge: what if there are several interesting objects that are
nested. . . They would be in the same branch and we would fail retrieving one of
them (see fig. 53a).
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• A solution to the previous problem would be to consider only the local maxima
of the energy considering the tree topology, i.e., a shape is a local maximum if
its energy is greater than the one of its parent and its children. However, even
so, many local maxima are located in the same region of the tree. Yet, we would
detect the same object several times. In addition, low energetic regions also have
non-meaningful local maxima. The fig. 53b shows the energy evolution along a
branch. The two first local extrema are located in the same high energetic region,
they refer to the same object so one of them is redundant. On the other hand, the
last local maximum has a low energy, it is not meaningful.
The approach proposed by Xu et al. [144] is to rely on the dynamics (or more generally
on an extinction value) [49, 125] of the extrema to figure out which of them are meaningful.
Considering the curve in fig. 53b as a topographical surface, the dynamics is the amount
of energy to climb to go from one extremum to another. This is illustrated in fig. 53c. On
this example, the non-meaningful extrema have a low extinction value contrary to the
ones we want to preserve.
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Figure 54: Differences between shapings and “classical” filtering. (a) The black path stands
for the classical filtering scheme: tree computation, tree filtering, and image
restitution. In red is the shapings’ path. It adds a tree representation of the
shape space in which the filtering in performed. (b) Zoom on the shapings
part. The first tree T holds components in P (Ω). It is valuated with an nonincreasing attribute. The second tree T T is the min-tree of T ; its component
are sets of shapes, i.e., in P (P (Ω)).
An efficient method to perform such a filtering has been introduced in [144] known as
shapings. This denomination comes from the fact that we do not perform the filtering on
the tree T itself but on second tree T T that will enable the computation the extinction
values. In other words, we work on the shape space, and the components of the second

10.3 shapings

Figure 55: Microscopic image simplification with the MToS using a shaping to filter out
non-circular objects; from the left image [82], only 650 shapes remain (right).
tree is a set of shapes instead of being a set of pixels. The filtering will thus be performed
on T T , it yields T T ’. The “proper” elements of the remaining nodes of T T ’ give the new
set of shapes we want to preserve or remove in T ; it gives the new tree T ’ from which ũ
can be reconstructed. These differences with a “classical” tree-based attribute filtering is
illustrated in fig. 54. Shapings are actually a wider class of Extinction Filters that have been
shown to be more efficient than standard attribute filters for image registration as they
better preserve the structural similarity with the original image [120, 138]. The versatility
of the framework allows to use basically any morphological representation for the first
structure, e.g. in [144], the authors use the max-tree for blood vessel segmentation, while
in [50], the authors use the component graph (see chapter 5) for PET image segmentation.
In the following, we share the same idea but use the MToS as the first tree.
10.3.1

Shapings for Cytology

In this assessment, we aim at simplifying an image by filtering out objects that do not
have a given shape in the context of bronchial cytology. We first valuate a two-term
energy E = E1 + E2 on the tree:
• E1 expresses the circularity of the shape S. E1 (S) = 1 − λ2 /λ1 where λ1 and λ2
are respectively the lengths of the semi-major axis and semi-minor axes of the best
fitting ellipse.
• E2 expresses the compacity of the shape: E2 (S) = Perimeter(S)2 /Area(S).
Then, we look for the shapes that minimize E. As said above, because the energy
varies slightly along a branch, we cannot just threshold the energy as it would preserve
many close shapes. We thus rely on shapings and preserve only the shapes that are local
minima. We further simplify the image by computing the extinction values of the minima

89

90

image filtering

and filter out those non-meaningful. Figure 55 shows the simplification on a bronchial
microscopical image. As one can see, only nucleus and cytoplasm are well-preserved and
the background correctly removed. Such a simplified image can then be combined to a
classifier to improve the classification accuracy.
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11.1 interactive and automatic image segmentation
In this section, we show the relevance of the MToS for image segmentation, first in the
context of interactive segmentation and then extending the method for unsupervised
segmentation where the seeds are detected automatically without requiring any user
intervention. First, in section 11.1.1 we present the mainlines of the segmentation method
using the tree. Section 11.1.2 shows how our work differs from the other state-of-art
object picking methods. Section 11.1.3 gives an in-depth explanation of the proposed
method, and in section 11.1.4 we propose a simple extension for non-supervised image
segmentation. Eventually, section 11.1.5 shows some results using our proposal and we
conclude in section 11.1.6.

Figure 56: Object picking with our method. Red and blue user scribbles define the background B and the foreground F respectively. The white line is the computed
F /B boundary.
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Figure 57: Scheme of the proposed method for object picking.
11.1.1

Method description

The problem of object picking can be summarized as follows: given two sets of points
F and B in P (Ω) representing the user inputs for the foreground class (F ) and the
background(B ), we aim at classifying each point in Ω in one of the two classes.
Consider the distance measure between two points ( p, p′ ) in Ω:
dTV ( p, p′ ) = min
C pp′

Z 1
0

|∇u(C pp′ (t)).Ċ pp′ (t)|.dt,

(11.1)

where C pp′ (t) is a path in Ω from p to p′ . We can compute the distance between any
point x to the seeds F and B and assign the closest class to x. This approach has been
used by [107, 12]. However, Dubrovina et al. [44] showed that the proper way to compute
such a distance is to have a level set approach and to use the ToS.
Thus, a fundamental idea of the method is to use the MToS representation of the image
(instead of working directly on the domain), and to perform the classification on that
structure. It applies the same principle as previously (Nearest Neighbor) but uses the
tree topology instead of the 2D space topology. The final segmentation is obtained by
reconstructing the image from the tree where all nodes have been classified. The method
can be summarized in the following steps (see also fig. 57):
1. Compute the MToS T (u) of the image u,
2. Evaluate T (u)’s edges with the distance between nodes (see section 11.1.3 for more
details),
3. Transpose the user scribbles on T (u), giving two seed sets of node for F and B ,
4. Classify every non-seed node as F or B by computing its distance to the seed nodes
using T (u)’s topology, and retrieving the label of the closest seed node,

11.1 interactive and automatic image segmentation

Figure 58: Object picking with and without holes. Because we are working in the shape
space, tagging the outer object is enough to recover the whole region, but it
does not prevent the user from getting objects with holes if he wants to.
5. Reconstruct the image from the labels of T (u),
6. Cleanup: keep significant foreground connected components only.
A significant advantage of working in the shape space is the ability to recover regions
of interest that are not event marked by the user. This feature is interesting for objects
composed by several other objects. Because a shape is a component without holes, it is
enough to select the outer region to retrieve the whole set of objects (see fig. 58).
On the other hand, the approach does not compute any statistics about the regions, but
only uses level sets that enable to recover large components with few user scribbles. The
amount of markers required actually depends on the number of level lines that separate
the background and the foreground.
11.1.2

Related works

Our approach is similar to the one proposed by Dubrovina et al. [44] since we both use
the ToS (or in our case the MToS) to perform the classification of the nodes and then
reconstruct the image from the labeled tree. The main difference is that Dubrovina et al.
[44] compute the tree on the likelihood map where each pixel is the confidence to be a
foreground pixel. It implies a statistical modeling of the user scribbles and so depends
on the accuracy of the modeling of the probability function. Their work is actually an
extension of [12] giving a better accuracy for the geodesic distance computation between
unlabeled pixels and seeds. In their work, Bai and Sapiro [12] noted how important it is
to have an efficient density modeling method that enables a better segmentation while
requiring fewer user scribbles than in their previous work [107]. But still, the quality
of the estimation (so the results) highly depends on the trade-off between the region
complexity and the number of user markers. Actually, most image editing or matting
state-of-the-art algorithms, including grabcut [110, 67] (GMM modeling) use statistical
learning for a background/foreground estimation; our method does not.
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11.1.3

Algorithm details

The construction of the MToS has been seen chapter 8, we only give a brief summary of
it and we mainly detail here the way the ToS is used for segmenting (that are the steps
2–6 of section 11.1.1).
The first step involves the construction of a tree which features similar properties as the
ToS but for color images. To that aim, we have introduced in [25] the MToS. Basically, this
consists in computing the ToS on each channel independently and merging all shapes
in a single structure, called the Graph of Shapes, based on their inclusion. From this
graph, a tree is computed through an intermediate depth image that represents the level
of inclusion of each pixel in the set of shapes. More details can be found in [25] and in
chapter 6.
The second step of the algorithm consists in evaluating a distance on tree edges. As
noticed in section 6.3.1, contrary to the standard morphological trees, a node in the MToS
may be associated with many colors, as a consequence, we consider the average colors of
the points in the node, and the edge between two nodes is evaluated with the distance
between their average color (in La*b* space). Then, we need to label the nodes as F or B
from the user scribbles. In some rare cases, a node may get contradictory labels if the
user tags some points as F and B that belong to the same node. In that situation, the
node should get labeled with the majority class.
The 4th step consists of visiting each non-labeled nodes (shapes) and computing two
distances: dF and dB . These are the distances from S to the nearest foreground and
background seed respectively. This can be achieved in two passes. We denote par (S), the
parent of S in T, and d(S, par (S)) the distance between the average color of S and par (S).
At initialization, dB (S) = 0 if the node has background scribbles, +∞ otherwise. The
forward step goes from the leaves to the root, and computes:
dB ( par (S)) = min(dB ( par (S)), dB (S) + d(S, par (S)).
The backward step goes from the root to the leaves, and computes:
dB (S) = min(dB (S), dB ( par (S)) + d(S, par (S)).
The same computation process holds for dF and finally, a node gets labeled with
arg minC∈{F ,B} dC (S).
In the tree T (u), each point belongs to a single node, so the reconstruction of the
image consists of assigning to each point the label of the node it belongs to. Eventually,
the clean-up step consists of removing each non significant region that is a connected
component whose size is below half the size of the largest connected component.
The overall complexity of the method is quasi-linear in the number of points, which is
the complexity of computing the MToS [46, 40].

11.1 interactive and automatic image segmentation

Figure 59: Illustration of the automatic segmentation. Left: Image simplification with the
α-tree (ω = 200). Blue squares stand for the centers of the candidate regions
(λ = 3000). Middle: The markers computed over the distance map. Right:
The multi-classes segmentation based on the seeds found previously. The
segmented components are shown with the average color over the region.
11.1.4

Extension for automatic segmentation

The previous framework requires the user to input the scribbles for tagging foreground
and background objects. The objective is now to extend this algorithm for automatic
segmentation without any user intervention. Instead of a binary segmentation, we first
extend the algorithm to a multi-classes classification without any effort. Given a set of
marked points { M1 , . . . , Mn } labeled respectively with classes C1 , . . . , Cn , we still aim at
classifying any other non-labeled data in Ω. We still use the Nearest Neighbor approach
using the distance defined by eq. (11.1). The binary to multi-classes classification is thus
straightforward. The real challenge is to automatically get the initial set of seeds. For this
purpose, we can rely on any initialization method used by other segmentation algorithms
(e.g. the minima of the gradient function as for the Watershed Transform, the modes
of the density function as for the Mean Shift algorithm. . . ). We arbitrarily have chosen
to initialize our algorithm from the (α, ω )-flat zones of the image that are the set of
connected components Γ in the image where the magnitude of the gradient inside Γ
cannot exceed α and the amplitude of the range cannot exceed ω [118]. More formally,
the initial set of seeds comes from:

{ Γi } = { Γ ∈

[
α

CCα (u) | max(u(Γ)) − min(u(Γ)) < ω }

where CCα (u) denotes the set of α-connected components of u. The set {Γi } forms a
partition of the image but leads to an over-segmentation (especially on object boundaries
with high gradients), thus we only keep the subset {Γi′ } of {Γi } whose size is above a
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given threshold. Finally, we compute a thick skeleton of the candidate regions that will
be the final markers. The process, illustrated in fig. 59, can be summarized as follows:
1. Compute the α-tree of u and retrieve the largest α-connected components such that
their range does not exceed w and their size is above a given threshold λ.
2. For each component, compute a distance map from the background and threshold
this distance map. It yields thick skeletons of the components that are the automatic
markers.
3. Perform the multi-classes segmentation extension of the algorithm seen in section 11.1.3.
11.1.5

Experiments and discussion

Figures 56 and 60 show some results of the interactive segmentation and automatic
segmentation using our approach (implemented using our platform Olena [68, 69]). At
this point, and despite its simplicity, our approach for interactive segmentation competes
with the state-of-the-art methods such as Grabcut from a qualitative point of view.
However it is still premature to have a quantitative assessment with those approaches as
we have to tackle some problems first. A common failure case of our method appears
when the object of interest is traversed by some level-lines of the background. In that
case, we cannot separate correctly the foreground and the background. We have observed
in recent experiments that this problem can be partially solved by a different rooting of
the MToS (by choosing the point at infinity in the foreground or background scribbles
when constructing the tree). The automatic segmentation extension of this work is still in
development and is outperformed by the current state-of-art segmentation methods. The
method widely depends on the way the seeds are chosen and those given by the α-tree
mainly appear in the background. We have to first improve the seed computation process
before any further comparison with other methods. However, regarding the quality of
the current results, it tends to show the potential of a direct classification in the shape
space and that the MToS is an adequate structure for segmentation.
11.1.6

Conclusion

We have shown the versatility and the potential of the ToS for segmentation purposes. We
have proposed a marker-based classification using the MToS which is free of statistical
learning and despite its simplicity, yields results similar to the ones obtained by the
state-of-the-art methods. We have also presented an extension that enables an automatic
segmentation without requiring any user intervention. The automatic segmentation,
still in the process of development, provides interesting results that show the potential
of the MToS and the advantages of working in the shape space. As a further work,
since our approach is already robust without statistical learning, we plan to introduce

11.2 document detection in videos

Figure 60: Example of automatic segmentation on the BSD dataset [75]. Left: original
images, where blue squares are the markers computed from the α-tree; Right:
results of our segmentation method.
more sophisticated classification strategies to improve the interactive segmentation that
would enable to further compare our work with other state-of-the-art methods. For the
unsupervised segmentation part of this work, since the bottleneck lies in the automatic
detection of the seeds, we plan to experiment other pre-processing methods to get better
markers.
11.2 document detection in videos
In the scope of the ICDAR competition on Smartphone Document Capture and OCR
(SmartDoc-2015) [19], we aim at automatically detecting documents in video captured
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Figure 61: Scheme of the proposed method for document detection in a video frame.
by smartphones. The challenge is motivated by the fact that smartphones are more and
more replacing personal scanners as they are affordable and powerful. Nowadays, such
acquisition devices are even present in business applications such as document archival,
ID scanning, document dematerialization. . .
The dataset covers different document layout (textual and/or having graphical content)
and realistic scene analysis problems (change of illumination, motion blur, change of
perspectives, partial occlusions. . . ). There are six different document types that were
recorded on four different backgrounds that makes a total of 120 videos and 24.000
frames to process.
In section 11.2.1, we expose our MToS-based method to retrieve a document in a single
frame, while in section 11.2.2, we show an extension that enables tracking the document
between frames to enhance the detection efficiency. Eventually, in section 11.2.3, we show
some results of our method on practical examples and discuss the results.
11.2.1

Method description

The method we propose relies on the MToS representation of the image. Basically, we aim
at identifying some nodes in the tree that most match some document criteria expressed
as shape attributes and as an energy. The two criteria are:
1. How closely the shape boundary fits a quadrilateral, i.e., for each shape A we
compute the best fitting quadrilateral Quad( A) and we measure the ratio:
E1 ( A) =

| A|
|Quad( A)|

2. How “noisy” the object is. We expect a document with some text and graphics, i.e.,
a shape that contains many shapes inside. At the document level, the letters are

11.2 document detection in videos

a small grains that look like “noise”. Let L A = { X ∈ S | X ⊂ A and X is a leaf }
denote the set of leaves in the subtree rooted in A, then:
E2 ( A) =

∑ X ∈L A (d( X ) − d( A))
|L A |

where d( X ) stands for the depth of the shape X.
We then look for the shape that minimizes the energy E( X ) = E1 ( X ) + E2 ( X ). Note
that for a better accuracy of E2 , we start with preprocessing the image with a grain filter
to ignore the effect of the natural image noise due to the sensor, and so that what we
consider as “noise” is big enough to be a letter.
11.2.2

Tracking document between frames

When processing the full video clip, one could apply the document detection method
exposed in section 11.2.1 on each frame. However, we do not rely on the regularity of
the motion that could help to correct miss-detected frames. As we expect small distance
between the coordinates of the detection between the current frame and the previous one,
the idea is now to retrieve several candidate “document” shapes and using the location
of the previously detected document to select the right shapes.
In order to retrieve several candidate shapes from the tree, we cannot just for example
select the ten lowest energetic ones. It would lead to the problem exposed in section 10.3.
As the energy does not evolve much along a branch, the ten lowest energetic shapes
are likely to be located in the same region, thus they refer to the same object. As a
consequence, we rely on shapings introduced in section 10.3.
First, we retain the 10 best shapes with shapings, i.e., the ten local extrema with the
highest extinction values, and then, order them w.r.t. their energy E. For the tth frame,
we get a family { St1 , . . . , St10 } of candidates shapes. Let St∗−1 denote the shape detected
in the previous frame, then the current detected shape St∗ will be the lowest energetic
shape such that its distance with St∗−1 is below a given threshold dmax . More formally:
St∗ = Stk : k = min{ i, 1 ≤ i ≤ 10 | d(Quad(Sti ), Quad(St∗−1 )) < dmax }
where d(Quad( X ), Quad(Y )) is the average euclidean distance between the corners of
the best fitting quadrilaterals of X and Y. If no such shape St∗ exists, the detection fails.
11.2.3

Results and discussion

In fig. 62, we show some results of the proposed method in some tricky situations.
Indeed, the documents are purposely subject to blur due to camera motion, specular light
effects and non-uniform background. These problems are generally fatal to contrast-based
methods as they make the document merge with its background. Morphological methods
also suffer from these defaults which move the level lines of the image. However even if
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Figure 62: ICDAR competition on document detection. These images show the robustness
of our method to blur and light specularity that move object boundaries. Note
that some videos are available as supplementary materials [24].
the level line is moved away the real document boundary at some places, some segments
are still valid and allow a robust shape analysis, i.e., we are still able to know if the
shape looks like a quadrilateral, and then correct a posteriori the boundaries with a best
quadrilateral fitting.
A common misdetection performed by the method lies in a sub-document retrieval.
Indeed, some documents (e.g. forms, tables) may present a layout such that an inner-table
may have lower energy than the whole document. For the challenge, this problem has
been solved with an a priori knowledge about the expected size of the document, but a
more robust approach could be to favor the largest shape in the case where two nested
shapes have similar energies.

11.3 hierarchical segmentation on multimodal images

Ranking
1
2
3
4
5
6
7
7

Method
LRDE (ours)
ISPL-CVML
SmartEngines
NetEase
A2iA run 2
A2iA run 1
RPPDI-UPE
SEECS-NUST

Jaccard Index
0.9716
0.9658
0.9548
0.8820
0.8090
0.7788
0.7408
0.7393

Confidence Interval
[0.9710, 0.9721]
[0.9649, 0.9667]
[0.9533, 0.9562]
[0.8790, 0.8850]
[0.8049, 0.8132]
[0.7745, 0.7831]
[0.7359, 0.7456]
[0.7353, 0.7432]

Table 2: Global results for the Smartdoc Challenge 1 competition.
The method (slightly modified with a priori knowledge about the documents, e.g. the
expected size of the document w.r.t. the resolution of the video) got the first place of the
competition among 7 participants (see table 2). The evaluation was based on the Jaccard
index, that measures the similarity between the set of expected pixels in the ground truth
and the set of the segmentation result returned by the method. Our method obtained
an average Jaccard index of 0.9716, varying between 0.9710 and 0.9721 on the whole
dataset [19], which tends to show the robustness of the proposed approach.
11.3 hierarchical segmentation on multimodal images
In [144], in the continuation of their work on shapings (see. section 10.3), the authors
proposed a generic method to get a hierarchical segmentation of the image from any tree
representation.
Contrary to the hierarchies of segmentation seen in chapter 2, any cut in thresholdset-based morphological trees does not lead to a segmentation but rather to a partial
partition of the image. Let A be an increasing attribute over a component tree T = (S , ⊆),
without loss of generality, we consider that T is a tree of shapes. A “cut” in T at scale
λ defines the set of shapes that are minimal elements (w.r.t. the inclusion relation)
of { X ∈ S | A( X ) ≥ λ }. Obviously, a “cut” in those trees yields a set of disjoint
S
connected components { X1 , . . . , Xn } and one could consider X0 = Ω \ 1≤i≤n Xi as
the extra background class to get the full partition π1 = { X0 , . . . , Xn } of the image.
However, when considering the partition π2 of a “cut” of higher scale { Y1 , . . . , Ym } and
its background class Y0 , then we have:

∀i, 1 ≤ i ≤ n, ∃ j, 1 ≤ j ≤ m, Xi ⊆ Yj
but, X0 6⊆ Y0 so π1 is not a refinement of π2 and we do not have hierarchy of partition.
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(a) T1 MR

(b) T2 MR

(c) Saliency map (130 nodes)

(d) PET (inverted)

(e) CT (inverted)

(f) Saliency map (720 nodes)

Figure 63: Saliency map on multimodal medical images.
The idea introduced in [144] consists in the definition of a partition of the image in
terms of shape contours. Given a set of shapes S ′ ⊆ S , and a Boolean image f defined
on the cubical grid KΩ (see. section 7.1) as:
(
1 if ∃ X ∈ S ′ , x ∈ ∂X
f (x) =
0 otherwise
then the connected components of [ f < 1] ∩ Ω define a partition of Ω. We note π (S)
the partition associated with the shape set S . Then, π is decreasing as for any S1 ⊆ S2 ,
we have π (S2 ) ⊑ π (S1 ). The need for shapings and working in the shape space is now
obvious as we aim at defining an family of decreasing shape set { S1 , . . . , Sk } to build
the family H = { π (S1 ), . . . , π (Sk ) } which is a hierarchy of partition.
In section 10.3, we have reviewed the basics of shapings. Given the attribute (an energy)
A computed over a tree, one can remove the nodes below a given threshold; it yields a
simplification of the image. The problem was that there is a redundancy in the remaining
shapes since two close nodes are likely to have the same energy, so to pass the criterion.
The idea introduced in [144] is to preserve only the local extrema in the tree and compute

11.4 classification of hyperspectral images

their extinction value AA (the filtering value required so that an extremum gets merged
with another extremum). Let the sequence E = { S1 , . . . , Sn } be the extremal shapes
ordered increasingly according to their extinction value. Then, we have { S1 , . . . , Sn }
where Sk = { Sk , . . . , Sn } which defines a sequence of decreasing shape sets that can be
used to build the hierarchy of segmentation. It is commonly represented as a saliency
map f where the extinction values computed for each extremum node are set back on
the contour of the shapes in the original domain space:
f ( x ) = max{AA( X ), X ∈ E | x ∈ ∂X }
Thresholding the saliency map f with increasing values yields fine to coarse image
partitions. Indeed, it is straightforward that the connected components of [ f ≤ λ] actually
corresponds to the partition π (Si ) where i = max{ k, AA(Sk ) ≤ λ }
Examples of saliency maps are shown in fig. 63, where images have been acquired with
different devices (the brain image with T1- and T2- MRI scans and the body image with
PET and CT scans). We have computed the MToS on these images and used the MSER
criterion as the energy. As a first remark, the MToS preserves the geometric information
of the two channels and mix them in a sensible way. For example, the heart only appears
on the PET scan (fig. 63d) and the lungs in the CT scan (fig. 63e) but both appear on
saliency map. Second, as one can see the most important objects appear with an high
saliency so they will be filter last on segmentation hierarchy.
11.4 classification of hyperspectral images
With the recent advances in optical satellite sensors, the high spatial resolution images
issued from these devices have allowed a broader class of applications. A particular
interest of the very high resolution imagery has been the classification of urban scenes
in order to study their evolution. Practical applications include the automatic update
of transport network maps, the discovering of new buildings for fraud detection, the
refunding cost estimation after disasters. . .
In [41], the authors proposed a morphological approach for the classification based on
morphological profiles which is a pixel-wise study of the response to a bank of morphological filters [106]. Yet, the processing is marginal. Those filters are applied channel-wise
and the responses in each band are concatenated to form a feature space. Here we
propose to use filters based on our MToS, i.e., with a vectorial approach. In section 11.4.1,
we review the principles of morphological profiles for hyperspectral classification and
we expose the integration of the MToS in the processing line. In section 11.4.2, we compare the results obtained by the MToS compared to other state-of-the-art morphological
profiles and show the benefits of our structure.
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(a)

(b)

(c)

(d)

(e)

Figure 64: Hyperspectral image classification. (a) Three principal components recomposed as an RGB image. (b) Ground truth. (c) Classification with AP. (d)
Classification with MSDAP. (e) Classification with VSDAP.
11.4.1

Method description

Dalla Mura et al. [41] proposed to use morphological attribute profiles to perform the
classification of hyperspectral images acquired by Quickbird. The basic idea is to study
the behavior at each pixel of an operator at different strengths of filtering. Because no
assumption can be made about the type (dark or light) of the objects to detect, they were
interested in self-dual profiles. As a consequence, in [41], they compute a set of attribute
openings and closings channel-wise at different predefined thresholds that yields the
feature space on which they perform the classification. More formally, given an attribute
opening γλ and the attribute closing φλ where λ ∈ {λ1 , . . . , λn } is a family of threshold
values, they define their feature map ω as:
ω ( x ) = { γλi (uk )( x ), φλi (uk )( x ) } k, λi

11.4 classification of hyperspectral images
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Figure 65: Overall accuracy of the classification by the AP, MSDAP, and VSDAP w.r.t.
the number of thresholds used in the profiles (so the dimension of the feature space). The x-axis represents intervals, e.g. the value 0.6 stands for the
thresholds { 0.2, 0.3, . . . , 0.6 }.
In [41], they replace the min and max-trees used for the computation of the openings
and the closings by self-dual attribute filters using the ToS. They further compare the
results in [33] and show that the classification with self-dual attribute profiles outperforms
the previous approach with min and max-trees. The features space size is divided by two
since each pair of dual filtering (γλi (uk )( x ), φλi (uk )( x )) is replaced by a single self-dual
filtering ρλi (uk )( x ).
Yet, the ToS is computed marginally on each channel independently, so we extend their
approach with MToS-based filters which yields a non-marginal processing since a single
tree representing the image is used. However, the feature space has the same size as for
self-dual attribute profile, since the output of each filter ρ is now a vector:
ω ( x ) = { ρλi (u)( x )k } k, λi
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11.4.2

Experiments and discussion

The experiments were carried out on a hyperspectral image acquired by Quickbird of
Pavia, Italy. Trees are computed on the first three components of the Principal Component
Analysis. The fig. 64 shows the results of the classification with attributes profiles (AP), the
marginal self-dual attribute profiles (MSDAP) and the vectorial self-dual attribute profiles
(VSDAP). For each method, the same attribute (moment of inertia), the same filtering
parameters (0.1, 0.2, . . . , 1.0), and the same classifier (Random Forest) are used. Figure 65
shows the overall classification accuracy as a function of the number of thresholds used in
the profile. When all thresholds are used, the VSDAP gets an Overall Accuracy of 82.2%
while in the same time the AP and MSDAP achieve respectively 77.5% and 68.9%. Using
the MToS for filtering and computing the profiles clearly outperforms the ones based on
the other trees and tends to confirm that the MToS retrieves and correctly synthesizes the
geometric information available in the different channels.

12

CONCLUSION AND PERSPECTIVES

conclusion
To access an high level of understanding of the image, we have motivated the claim that
hierarchical representations of image contents are easy-to-use and efficient solutions. To
exploit the power of hierarchical structures from the Mathematical Morphology (MM)
framework, image values need to be ordered. Even the most basic operations from
the MM (e.g. dilation and erosion) require a special organization of values (namely, a
complete lattice). In other words, the values themselves do not mean anything, only the
way they are related matters. However, when dealing with multivariate images, a total
ordering of data is usually not satisfactory. In addition, when considering self-dual filters,
we can intuitively expect the output of such a filter without ordering data as shown
below. Here, the notion of small objects (grain) is a priori not dependent on the ordering.
So fortunately, we avoid to compare/order red and blue.
Self-dual grayscale

grain filter

Expected color

“equivalent” filter

As a consequence, there is no reason to rely on an order that would mix non-comparable
components if it does not make sense. On the contrary, if an ordering of values inside
each channel makes sense, we should rely on it. In addition, channel-wise, we would like
to preserve important properties of morphological self-dual operators, i.e., the invariance
to any marginal change of contrast and any marginal inversion of contrast (self-duality
in the multidimensional case).
The Multivariate Tree of Shapes (MToS) presented here is a novel representation that
extends the grayscale ToS on multivariate images. This representation relies on the ToS’s
computed marginally on each channel of the image. It merges the marginal shapes in a
“sensible” way by preserving the maximum number of inclusion. The method proposed
has theoretical foundations expressing the ToS in terms of topographic map of the total
variation computed from the image border. This reformulation has allowed its extension
on multivariate data. We also have proven that the tree provided by our method meets
correctly those properties. To close the theoretical part, we have carried out experiments
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testing the robustness of the structure to non-relevant components (e.g. with noise or
with low dynamics) and we showed that such defaults do not affect the overall structure
of the MToS.
Because this work took place in a context where the practical usage is of prime
importance, we have also been involved in the validation of the soundness of our
approach on many real-case applications. Some of them were just an adaptation of ToSbased methods to the new structure. We succeed in using the MToS for image filtering,
image simplification, image segmentation, image classification and object detection. The
use of the MToS generally outperforms its ToS-based counterpart, showing the potential
of our approach.
Eventually, because new real-case applications require processing more and more data
in a short time, we have been involved in developing a fast algorithm to compute the
MToS, as well as some tree processing algorithms (see part iv). We have studied their
complexity and have shown that the MToS can be built in quasi-linear time w.r.t. the
number of pixels and is quadratic w.r.t. the number of channels.
extension and future work
Multivariate Component-trees
The method proposed in chapter 6 is a two-step process where the first part consists in
merging marginal ToS’s into a single structure, the GoS, and the second part consists
of extracting a tree from the graph. This framework can be generalized for other trees
as inputs. In particular, nothing prevents the user from providing min- or max-trees as
inputs, before computing the graph of inclusion. The method would then provide a tree
which is marginally invariant to change of contrast. It may serves to define Multivariate
Min- or Max-trees (depending on the trees’ type in input) and so, a new approach to
extend component-trees to multivariate images without requiring the imposition of a total
ordering. Consequently, it may also be the base to define new connected operators, e.g.
openings or closings, on multivariate images.
Algebraic properties of a MToS-based filter
For many applications (e.g. object detection, segmentation) the image reconstruction
process is not necessary as we just need to identify or label some nodes of the tree.
However, in the case of image filtering (e.g. denoising), the reconstruction is a fundamental
step. With the MToS, a node may be associated with different values (just like componenttrees in the case of total preorders). It leads to a problem during the reconstruction
after filtering as one as to decide of a filtering value (see. sections 4.3.6 and 6.3.1). A
straightforward solution that we have adopted is to assign the average vector to each
node. However, one can wonder about the algebraic properties of such reconstruction.
In particular, given the MToS T (u) of u followed by the reconstruction of ũ, it is not
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evident that T (u) = T (ũ). This is a problem for defining “real” morphological filters like
a Multivariate grain filters. Indeed, we cannot ensure that the MToS of the reconstructed
image from a filtered tree are the same. In other words, two consecutive filtering with the
same grain size may give different results; we have lost the idempotency. Few authors
have been studying this problem, but it also arises with component-trees based on imagedependent total orderings since the ordering built from the first image is not the same as
the one built on the reconstructed image.
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A C O M PA R AT I V E R E V I E W O F C O M P O N E N T T R E E
C O M P U TAT I O N A L G O R I T H M S

Edwin Carlinet and Thierry Géraud. “A Comparative Review of Component Tree
Computation Algorithms”. In: IEEE Transactions on Image Processing 23.9 (Sept.
2014), pp. 3885–3895.

a.1

introduction

In mathematical morphology, connected filters are those that modify an original image by
only merging flat zones, hence those that preserve some of the original image contours.
Originally, they were mostly used for image filtering [130, 112]. Major advances came
from max- and min-tree as hierarchical representations of connected components and
from an efficient algorithm able to compute them [114]. Since then, usage of these trees
has soared for more advanced forms of filtering: based on attributes [60, 55], using new
filtering strategies [114, 124], allowing new types of connectivity [99]. They are also a
base for other image representations. In [85] a tree of shapes is computed from a merge
of the min- and max- trees. In [141] a component tree is computed over the attributes
values of the max-tree. Max-trees have been involved in many applications: computer
vision through motion extraction [114], features extraction with MSER [76], segmentation,
3D visualization [132]. With the increase of applications comes an increase of data type
to process: 12-bit images in medical imagery [132], 16-bit or float images in astronomical
imagery [15], and even multivariate data with special ordering relation [104]. With the
improvement of optical sensors, images are getting bigger (so do image data sets) which
argues for the need for fast algorithms. Many algorithms have been proposed to compute
the max-tree efficiently but only partial comparisons have been proposed. Moreover,
some of them are dedicated to a particular task (e.g., filtering) and are unusable for other
purposes.
In a short paper [27], we have presented a first comparison of many state-of-the-art
max-tree algorithms in a unique framework, i.e., same architecture, same language (C++)
and same outputs. Yet this comparison was performed on a single image, the pseudocode of all the algorithms were not listed, and the description of those algorithms and
their comparison were short. This paper aims at correcting those three drawbacks, so
it presents a full and exhaustive comparative review of the state-of-art component tree
computation algorithms.
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The paper is organized as follows. Appendix A.2 recalls basic notions and manipulations of max-tree. Appendix A.3 describes the algorithms and implementations used
in this study; in particular, a new technique that improves the efficiency of union-findbased algorithms is presented in Appendix A.3.1.4. Appendix A.4 is dedicated to the
comparison of those algorithms both in terms of complexity and running times through
experimentations. Last we conclude in Appendix A.5.
a.2
a.2.1

a tour of max-tree: definition, representation and algorithms
Basic notions for max-tree

Let f : Ω → V be an image on a regular domain Ω, having values on a totally preordered
set (V, ≤) and let N be a neighborhood on Ω. Let λ ∈ V, we note [ f ≤ λ] the set { p ∈
Ω, f ( p) ≤ λ }. Let X ⊂ Ω, we note CC( X ) ⊂ P (Ω) the set of connected components
of X w.r.t. the neighborhood N ; P (Ω) being the power set of all the possible subsets of
Ω. { CC([ f = λ]), λ ∈ V } are level components and Ψ = { CC([ f ≥ λ]), λ ∈ V } (resp.
≤) is the set of upper components (resp. lower components). The latter endowed with
the inclusion relation form a tree called the max-tree (resp. min-tree). Since min- and
max-trees are dual, this study obviously holds for min-tree as well. Finally, the peak
component of p at level λ noted Ppλ is the upper component X ∈ CC([ f ≥ λ]) such that
p ∈ X.
a.2.2

Max-tree representation

Berger et al. [15], and Najman and Couprie [91] rely on a simple and effective encoding
of component-trees using an image that stores the parent relationship. The latter exists
between two components A and B whenever A is directly included in B (parent is actually
the covering relation of (Ψ, ⊆)). An upper component is represented by a single point
called the canonical element [15, 91] or level root. Let two points p, q ∈ Ω, and pr be the
root of the tree. We say that p is canonical if p = pr or f ( parent( p)) < f ( p). A parent
image shall satisfy the following three properties: 1) parent( p) = p ⇒ p = pr - the root
points to itself and it is the only point verifying this property - 2) f ( parent( p)) ≤ f ( p)
and 3) parent( p) is canonical.
Furthermore, having just the parent image is an incomplete representation since it is
not sufficient to easily perform classical tree traversals. For that, we need an extra array of
points, S : N → Ω, where points are stored so that ∀i, j ∈ N i < j ⇒ S[ j] 6= parent(S[i ]).
Thus browsing S elements allows to traverse the tree downwards i.e from the top (the
root) to the bottom of the tree (the leaves). On the contrary, a reverse browsing of S is
an upward tree traversal. Note that having both S and parent thus makes it useless to
store the children of each node. Figure 66 shows an example of such a representation
of a max-tree. This representation only requires 2nI bytes memory space where n is the
number of pixels and I the size in bytes of an integer, since points stored in S and parent
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Figure 66: Representation of a max-tree using the 4-connectivity with a parent image and
an array. Canonical elements are underlined.
are actually positive offsets in a pixel buffer. The algorithms we compare have all been
modified to output the same tree encoding, that is, the couple (parent, S).
a.2.3

Attribute filtering and reconstruction

A classical approach for object detection and filtering is to compute some features called
attributes on max-tree nodes. A usual attribute is the number of pixels in components.
Followed by a filtering, it leads to the well-known area opening. More advanced attributes
have been used like elongation, moment of inertia [134] or even mumford-shah like energy
[141]. Some max-tree algorithms [135, 76] construct the parent image only; they do not
compute S. As a consequence, they do not provide a “versatile” tree, i.e., a tree that
can be easily traversed upwards and downwards, that allows attribute computation
and non-trivial filtering. Here we require every algorithms to output a “complete” tree
representation (parent and S) so that it can be multi-purposedly usable. The rationale
behind this requirement is that, for some applications, filtering parameters are not
known yet at the time the tree is built (e.g., for interactive visualization [132]). In
the algorithms we compare in this paper, no attribute computation nor filtering are
performed during tree construction for clarity reasons; yet they can be augmented to
compute attribute and filtering at the same time. Algorithm 5 provides an implementation
of attribute computation and direct-filtering with the representation. â : Ω × V → A
is an application that projects a pixel p and its value f ( p) in the attribute space A.
+̂ : A × A → A is an associative operator used to merge attributes of different nodes.
compute-attribute() starts with computing attributes of each singleton node and merges
them from leaves toward root. Note that this simple code relies on the fact that a node
receives all information from its children before passing its attribute to the parent.
Without any ordering on S, it would not have been possible. direct-filter() is an
implementation of direct filtering as explained in [114] that keeps all nodes passing a
criterion λ and lowers nodes that fail to the last ancestor “alive”. This implementation
has to be compared with the one in [135] that only uses parent. This one is shorter, faster
and clearer above all.

115

116

a comparative review of component tree computation algorithms

Algorithm 5: Attribute computation and filtering algorithms.
function compute-attribute(S, parent, f )
proot ← S[0];
foreach p ∈ S do attr ( p) ← â( p, f ( p));
foreach p ∈ S backward, p 6= proot do
q ← parent( p);
attr (q) ← attr (q)+̂ attr ( p);
return attr;

function direct-filter(S, parent, f , attr)
proot ← S[0];
if attr ( proot ) < λ then out( proot ) ← 0;
else out( proot ) ← f ( proot );
foreach p ∈ S forward do
q ← parent( p);
if f (q) = f ( p) then out( p) ← out(q);
else if attr ( p) < λ then out( p) ← out(q);
else out( p) ← f ( p);

/* (1) */
/* (2) */
/* (3) */

return out;

(1)

a.3

p not canonical, (2) Criterion failed, (3) Criterion passed

max-tree algorithms

Max-tree algorithms can be classified in three classes:
Immersion algorithms. They start with building N disjoints singleton for each pixel and
sort them according to their gray value. Then, disjoint sets merge to form a tree using the
union-find algorithm [4, 122].
Flooding algorithms. A first scan allows to retrieve the root which is a pixel at lowest
level in the image. Then, they perform a propagation by flooding first the neighbor at
highest level i.e. a depth first propagation [114, 133].
Merge-based algorithms. They divide an image in blocks and compute the max-tree on
each sub-image using another max-tree algorithm. Sub max-trees are then merged to
form the tree of the whole image. Those algorithms are well-suited for parallelism using
a map-reduce (or divide-and-conquer) approach [100, 135]. When blocks are image lines,
dedicated 1D max-tree algorithms can be used [77, 81, 86].
a.3.1
a.3.1.1

Immersion algorithms
Basic principle

Berger et al. [15], Najman and Couprie [91] proposed two algorithms based on Tarjan’s
union-find. They consist in tracking disjoints connected components and merge them in
a bottom-up fashion. First, pixels are sorted in an array S where each pixel p represent

A.3 max-tree algorithms

the singleton set { p}. Then, they process pixels of S in backward order. When a pixel p is
processed, it looks for already processed neighbors (N ( p)) and merges with neighboring
connected components to form a new connected set rooted in p. The merging process
consists in updating the parent pointer of neighboring component roots toward p. Thus,
the union-find relies on three processes: make-set(parent, x) that builds the singleton set { x }, find-root(parent, x) that finds the root of the component that contains
x, and merge-set(parent, x, y) that merges components rooted in x and y and set x
as the new root. Based on the above functions, a simple max-tree algorithm is given below:
Algorithm 6: Scheme of a union-find-based max-tree algorithm.
function Maxtree( f )
S ← sort pixels increasing;
foreach p ∈ S backward do
make-set( parent, p);
foreach n ∈ N p processed do
r ← find-root( parent, n);
if r 6= p then merge-set( parent, p, r );

find-root is a O(n) function that makes the above procedure a O(n2 ) algorithm.
Tarjan [122] discussed two important optimizations to avoid a quadratic complexity: root
path compression and union-by-rank.
When parent is traversed to get the root of the component, points of the path used to
find the root collapse to the root the component. However, path compression should
not be applied on parent image because it removes the hierarchical structure of the tree.
As consequence, path compression is applied on an intermediate image zpar that stores
the root of disjoints components. Path compression bounds union-find complexity to
O(n log n) and has been applied in [15] and [91].
When merging two components A and B, we have to select one of the roots to represent
the newly created component. If A has a rank greater than B then root A is selected as
the new root, root B otherwise. When rank matches the depth of trees, it enables tree
balancing and guaranties a O(n log n) complexity for union-find. When used with path
compression, it allows to compute the max-tree in quasi-linear time (O(n.α(n)) where
α(n) is the inverse of Ackermann function which is very low-growing). Union-by-rank
has been applied in [91].
Note that parent and zpar encode two different things, parent encodes the max tree
while zpar tracks disjoints set of points and also uses a tree. Thus, union-by-rank and
root path compression shall be applied on zpar but never on parent.
The algorithm given in Algorithm 7 is the union-find-based max-tree algorithm as
proposed by [15]. It starts with sorting pixels that can be done with a counting sort
algorithm for low-quantized data or with a radix sort-based algorithm for high quantized
data [5].Then it annotates all pixels as unprocessed with −1 (in common implementations,
pixels are positive offsets in a pixel buffer). Later in the algorithm, when a pixel p is
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Algorithm 7: Union-find without union-by-rank.
function Find-root(par, p)
if par ( p) 6= p then par ( p) ← find-root( par, par ( p));
return par ( p)
function Maxtree( f )
foreach p do parent( p) ← −1;
S ← sort pixels increasing;
foreach p ∈ S backward do
parent( p) ← p; zpar ( p) ← p;
foreach n ∈ N p such that parent(n) 6= −1 do
r ← find-root(zpar, n);
if r 6= p then zpar (r ) ← p; parent(r ) ← p

/* make-set */
/* merge-set */ ;

Canonicalize(parent, S);
return ( parent, S);
function Canonicalize( f , parent, S)
foreach p in S forward do
q ← parent( p);
if f (q) = f ( parent(q)) then parent( p) ← parent(q);

processed it becomes the root of the component i.e parent( p) = p with p 6= −1, thus
testing parent( p) 6= −1 stands for is p already processed. Since S is processed in reverse
order and merge-set sets the root of the tree to the current pixel p (parent(r ) ← p), it
ensures that the parent p will be seen before its child r when traversing S in the direct
order.
a.3.1.2

Union-by-rank

The algorithm given in Algorithm 8 is similar to the one in Algorithm 7 but augmented
with union-by-rank. It first introduces a new image rank. The make-set step creates a tree
with a single node, thus with a rank set to 0. The rank image is then used when merging
two connected sets in zpar. Let z p be the root of the connected component of p, and zn be
the root of connected component of n ∈ N ( p). When merging two components, we have
to decide which of z p or zn becomes the new root w.r.t their rank. If rank(z p ) < rank (zn ),
z p becomes the root, zn otherwise. If both z p and zn have the same rank then we can
choose either z p or zn as the new root, but the rank should be incremented by one. On
the other hand, the relation parent is unaffected by the union-by-rank, p becomes the
new root whatever the rank of z p and zn . Whereas without balancing the root of any
point p in zpar matches the root of p in parent, this is not the case anymore. For every
connected components we have to keep a connection between the root of the component
in zpar and the root of max-tree in parent. Thus, we introduce an new image repr that
keeps this connection updated.

A.3 max-tree algorithms

Algorithm 8: Union-find with union-by-rank
function Maxtree( f )
foreach p do parent( p) ← −1;
S ← sort pixels increasing;
foreach p ∈ S backward do
parent( p) ← p; zpar ( p) ← p ;
rank( p) ← 0; repr ( p) ← p; z p ← p;
foreach n ∈ N p s.t. parent(n) 6= −1 do
zn ← find-root(zpar, n);
if zn 6= z p then
parent(repr (zn )) ← p;
if rank (z p ) < rank (zn ) then swap(z p , zn );
zpar (zn ) ← z p ; repr (z p ) ← p ;
if rank(z p ) = rank(zn ) then rank(z p ) ← rank(z p ) + 1;

/* make-set */

/* merge-set */

Canonicalize(parent, S);
return ( parent, S)

The union-by-rank technique and structure update are illustrated in Figure 67. The
algorithm has been running until processing E at level 12, the first neighbor B has already
been treated and neighbors D and F are skipped because not yet processed. Thus, the
algorithm is going to process the last neighbor H. z p is the root of p in zpar and we
retrieve the root zn of n with find-root procedure. Using repr mapping, we look up the
corresponding point r of zn in parent. The tree rooted in r is then merged to the tree
rooted in p (parent merge). Back in zpar, the components rooted in z p and zn merge.
Since they have the same rank, we choose arbitrary z p to be the new root.
The algorithm in Algorithm 8 is slightly different from the one of [91]. They use two
union-find structures, one to build the tree, the other to handle flat zones. In their paper,
lowernode[z p ] is an array that maps the root of a component z p in zpar to a point of
current level component in parent (just like repr(z p ) in our algorithm). Thus, they apply a
second union-find to retrieve the canonical element. This extra union-find can be avoided
because lowernode[x] is already a canonical element, thus f indoot on lowernode(z p ) is
useless and so does parent balancing on flat zones.
a.3.1.3

Canonicalization

Both algorithms call the Canonicalize() procedure to ensure that any node’s parent
is a canonical node. In Algorithm 7, canonical property is propagated downward. S is
traversed in direct order such that when processing a pixel p, its parent q has the canonical
property that is parent(q) is a canonical element. Hence, if q and parent(q) belongs to the
same node i.e f (q) = f ( parent(q)), the parent of p is set to the component’s canonical
element: parent(q).
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Figure 67: Union-by-rank. (a) State of the algorithm before processing the neighbor H
from E. (b) State of the algorithm after processing.
a.3.1.4

Level compression

Union-by-rank provides time complexity guaranties at the price of an extra memory
requirement. When dealing with huge images, it results in a significant drawback (e.g.
RAM overflow. . . ). Since the last point processed always becomes the root, union-find
without rank technique tends to create a degenerated tree in flat zones. Level compression
avoids this behavior by a special handling of flat zones. In Algorithm 9, p is the point
in process at level λ = f ( p), n a neighbor of p already processed, z p the root of Ppλ (at
first z p = p), zn the root of Pnλ . We suppose f (z p ) = f (zn ), thus z p and zn belong to the
same node and we can choose any of them as a canonical element. Normally p should
become the root with child zn but level compression inverts the relation, zn is kept as the
root and z p becomes a child. Since parent may be inverted, S array is not valid anymore.
Hence S is reconstructed, as soon as a point p gets attached to a root node, p will not be
processed anymore so it is inserted in back of S. At the end S only misses the tree root
which is parent[S[0]].
a.3.2

Flooding algorithms

A second class of algorithms, based on flooding, contrasts with the immersion-based
algorithms described in the previous section A.3.1. Salembier et al. [114] proposed the
first efficient algorithm to compute the max-tree. A propagation starts from the root that
is the pixel at lowest level lmin . Pixels in the propagation front are stored in a hierarchical
queue composed by as many FIFO queues as the number of levels. It allows to access
directly any pixel in the FIFO queue at a given level. Algorithm 10 shows a slightly
modified version of Salembier’s original algorithm where the original STATUS image
is replaced by the parent image having the same role. The flood(λ, r) procedure is in
charge of flooding the peak component Prλ and building the corresponding sub max-tree

A.3 max-tree algorithms

Algorithm 9: Union-find with level compression.
function Maxtree( f )
foreach p do parent( p) ← −1;
S ← sort pixels increasing;
j = N − 1;
foreach p ∈ S backward do
parent( p) ← p; zpar ( p) ← p; z p ← p ;
foreach n ∈ N p s.t. parent(n) 6= −1 do
zn ← find-root(zpar, n);
if z p 6= zn then
if f (z p ) = f (zn ) then swap(z p , zn );
zpar (zn ) ← z p ; parent(zn ) ← z p ;
S[ j] ← zn ; j ← j − 1;

/* make-set */

/* merge-set */

S[0] ← parent[S[0]];
Canonicalize(parent, S);
return ( parent, S)

rooted in r. It proceeds as follows: first pixels at level λ are retrieved from the queue,
their parent pointer is set to the canonical element r and their neighbors n are analyzed.
If n is not in the queue and has not yet been processed, then n is pushed in the queue for
further processing and n is marked as processed (parent(n) is set to INQUEUE which is
any value different from -1). If the level l of n is higher than λ then n is in the childhood
of the current node, thus flooding is halted at the current level and a recursive call to
flood initiates the process for the peak component Pnl rooted in n. During the recursive
flooding, some points can be pushed in the queue between level λ and l. Hence, when
flood ends, it returns the level l ′ of n’s parent. If l ′ > λ, we need to flood levels l ′ until
l ′ ≤ λ i.e. until there are no more points in the queue above λ. Once all pixels at level
λ have been processed, we need to retrieve the level l par of the parent component and
attach r to its canonical element. A levroot array stores the canonical element of each
level component and -1 if the component is empty. Thus we just have to traverse levroot
looking for l par = max{ h < λ, levroot[ h] 6= −1} and set the parent of r to levroot[l par ].
Since the construction of parent is bottom-up, we can safely insert p in front of the S array
each time parent( p) is set. For a level component, the canonical element is the last element
inserted ensuring a correct ordering of S. Note that the pass which gets the minimum
level of the image is not necessary. Instead, we could have called flood in Max-tree
procedure until the parent level returned by the function was -1, i.e the last flood call
was processing the root. Anyway, this pass has other advantages for optimization that
will be discussed in the implementation details section.
Salembier et al. [114]’s algorithm was rewritten in a non-recursive implementation in
[56] and later by [96] and [133]. These algorithms differ in only two points. First, [133] uses
a pass to retrieve the root before flooding to mimics the original recursive version while
[96] does not. Second, priority queues in [96] use an unacknowledged implementation of
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Algorithm 10: Salembier et al. [114]
max-tree algorithm.

function ProcessStack(r, q)
λ ← f ( q );
pop(levroot);
while levroot not empty and
λ < f (top(levroot)) do
insert_front(S, r);
r ← pop(levroot); parent(r ) ← r;

function flood(λ, r)
while hqueue[λ] not empty do
p ← pop(hqueue[λ]);
parent( p) ← r;
if p 6= r then
insert_front(S, p)
foreach n ∈ N ( p) s.t.
parent( p) = −1 do
l ← f ( n );
if levroot[l ] = −1 then
levroot[l ] ← n

if levroot empty or f (top(levroot)) 6= λ then
push(levroot, q)

push(hqueue[l ], n);
parent(n) ← INQUEUE;
while l > λ do
l ← f lood(l, levroot[l ])

/* Attach to parent
levroot[λ] ← −1;
l par ← λ − 1;
while l par ≥ 0 and
levroot[l par ] = −1 do
l par ← l par − 1

if l par 6= −1 then
parent(r ) ← levroot[l par ]
insert_front(S, r);
return l par

function Max-tree(f )
foreach h do levroot[ h] ← −1;
foreach p do parent( p) ← −1;
lmin ← min p f ( p);
pmin ← arg min p f ( p);
push(hqueue[lmin ], pmin );
levroot[lmin] ← pmin ;
flood(lmin , pmin );

Algorithm 11: Non-recursive max-tree algorithm [96, 133].

*/

parent(r ) ← top(levroot);
insert_front(S, r);
function Max-tree( f )
foreach p do parent( p) ← −1;
pstart ← any point in Ω;
push( pqueue, pstart ); push(levroot, pstart );
parent( pstart ) ← INQUEUE;
loop
p ← top( pqueue); r ← top(levroot);
foreach n ∈ N ( p) s.t. parent( p) = −1 do
push( pqueue, n);
parent(n) ← INQUEUE;
if f ( p) < f (n) then
push(levroot, n);
goto 16;
/* p is done
*/
pop( pqueue);
parent( p) ← r;
if p 6= r then insert_front(S, p);
while pqueue not empty
// all pts at current level done?
q ← top( pqueue);
if f (q) 6= f (r ) then
// Attach r to its parent
ProcessStack(r, q);
root ← pop(levroot);
insert_front(S, root);

heap based on hierarchical queues while in [133] they are implemented using a standard
heap (based on comparisons). The algorithm given in Algorithm 11 is a code transcription
of the method described in [96]. The array levroot in the recursive version is replaced
by a stack with the same purpose: storing the canonical element of level components.
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The hierarchical queue hqueue is replaced by a priority queue pqueue that stores the
propagation front. The algorithm starts with some initialization and chooses a random
point pstart as the flooding point. pstart is enqueued and pushed on levroot as a canonical
element. During the flooding, the algorithm picks the point p at highest level (with the
highest priority) in the queue, and the canonical element r of its component which is
the top of levroot (p is not removed from the queue). Like in the recursive version, we
look for neighbors n of p and enqueue those that have not yet been seen. If f (n) > f ( p),
n is pushed on the stack and we immediately flood n (a goto that mimics the recursive
call). On the other hand, if all neighbors are in the queue or already processed then p
is done, it is removed from the queue, parent( p) is set its the canonical element r and if
r 6= p, p is added to S (we have to ensure that the canonical element will be inserted
last). Once p removed from the queue, we have to check if the level component has been
fully processed in order to attach the canonical element r to its parent. If the next pixel
q has a different level than p, we call the procedure ProcessStack that pops the stack,
sets parent relationship between canonical elements and inserts them in S until the top
component has a level no greater than f (q). If the stack top’s level matches q’s level, q
extends the component so that no more processing is needed. On the other hand, if the
stack gets empty or the top level is lesser than f (q), then q is pushed on the stack as the
canonical element of a new component. The algorithm ends when all points in queue
have been processed, then S only misses the root of the tree which is the single element
that remains on the stack.
a.3.3

Merge-based algorithms and parallelism

Whereas the algorithms of the two first classes (Sections A.3.1 and A.3.2) are sequential,
this section is dedicated to parallel algorithms. Merge-based algorithms consist in computing max-trees on sub-parts of images and merging back trees to get the max-tree of the
whole image [100, 135, 77]. Those algorithms are typically well-suited for parallelism since
they adopt a map-reduce idiom. Computation of sub max-trees (map step), done by any
sequential method and merge (reduce-step) are executed in parallel by several threads. In
order to improve cache coherence, images should be split in contiguous memory blocks
that is, splitting along the first dimension if images are row-major. Figure 68 shows an
example of parallel processing using a map-reduce idiom. The domain has been split into
five sub-domains { D1 , D2 , . . . , D5 }, we thus have 5 map operations which run a sequential
algorithm and 4 joins that merge the sub-trees. Figures 68b and 68c show a possible
distribution of the tasks on 3 threads. Note that map-steps and reduce-steps may occur
in parallel, but a single thread may also be in charge of several sub-tree construction.
For instance, the first thread is in charge of computing the sub-trees T1 and T2 for D1
and D2 , merging them into a tree T12 and then merging it with the tree computed by the
second thread. Choosing the right number of splits and jobs distribution between threads
is a difficult topic that depends on the architecture (number of threads available, power
frequency of each core). If the domain is not split enough (a number of chunks no greater
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D1

Thread 1

Thread 2

D2
D3

D1

D2

D3
Thread 3

D4
D5

(a)

D4

(b)

D5

Thread 1
T1 ← M ( f | D1 )
T2 ← M ( f | D2 )
T12 ← T1 ⊕ T2
Wait thread 2
TΩ ← T12 ⊕ T345

Thread 2
T3 ← M ( f | D3 )
T4 ← M ( f | D4 )
T34 ← T3 ⊕ T4
Wait thread 3
T345 ← T34 ⊕ T5

Thread 3
T5 ← M ( f | D5 )

(c)

Figure 68: Map-reduce idiom for max-tree computation. (a) Sub-domains of f . (b) A
possible distribution of jobs by threads. (c) Map-reduce operations. M is the
map operator, ⊕ the merge operator.
Algorithm 12: Tree merge algorithm.
function connect(p,q)
function findrepr(par, p)
x ← findrepr( parent, p);
if f ( p) 6= f ( par ( p)) then return p;
y ← findrepr( parent, q);
par ( p) ← findrepr( par, par ( p));
if f ( x ) < f (y) then swap( x, y);
return par ( p)
while x 6= y do
function mergetree(Di , D j )
/* common ancestor found?
*/
foreach p ∈ Di do
parent( x ) ← findrepr( parent, parent( x ));
foreach q ∈ (N ( p) ∩ D j ) do
z ← parent( x );
connect(p,q)
if x = z then parent( x ) ← y ; y ← x;
else if f (z) ≥ f (y) then x ← z;
else parent( x ) ← y; x ← y; y ← z;

than the number of threads) the parallelism is not maximal, some threads become idle
once they have done their jobs, or wait for other thread to merge. On the other hand, if
the number of split gets too large, merging and thread synchronization cause significant
overheads. Since work balancing and thread management are outside the current topic,
they are delegated to high level parallelism libraries such as Intel Threading Building
Blocks (TBB).
The procedure in charge of merging sub-trees Ti and Tj of two adjacent domains Di
and D j is given in Algorithm 12. For two neighbors p and q in the junction of Di , D j ,
it connects components of p’s branch in Ti to components of q’s branch in Tj until a
common ancestor is found. Let x and y be the canonical elements of the components to
merge with f ( x ) ≥ f (y) (x is in the childhood to y) and z be the canonical element of
the parent component of x. If x is the root of the sub-tree then it gets attached to y and
the procedure ends. Otherwise, we traverse up the branch of x to find the component
that will be attached to y that is the lowest node having a level greater than f (y). Once
found, x gets attached to y, and we now have to connect y to x’s old parent. findrepr(p)
is used to get the canonical element of p’s component whenever the algorithm needs it.

A.3 max-tree algorithms

Algorithm 13: Canonicalization and S computation algorithm.
function CanonicalizeRec(p)
dejavu( p) = true;
q ← parent( p);
if not dejavu(q) then
// Process parent before p
CanonicalizeRec(q);

function Post-process(parent, f )
foreach p do dejavu( p) ← False;
foreach p ∈ Ω s.t. not dejavu( p) do
CanonicalizeRec( p);
return ( parent, S)

if f (q) = f ( parent(q)) then // Canonicalize
parent( p) ← parent(q);
InsertBack(S, p);

Once sub-trees have been computed and merged into a single tree, it does not hold
canonical property (because non-canonical elements are not updated during merge). Also,
the reduction step does not merge the S arrays corresponding to sub-trees (it would imply
reordering S which is more costly than just recomputing it at the end). Algorithm 13
shows an algorithm that canonicalizes and reconstructs S array from parent image. It
uses an auxiliary image dejavu to track nodes that have already been inserted in S. As
opposed to other max-tree algorithms, construction of S and processing of nodes are
top-down. For any points p, we traverse in a recursive way its path to the root to process
its ancestors. When the recursive call returns, parent( p) is already inserted in S and holds
the canonical property, thus we can safely insert back p in S and canonicalize p as in
Algorithm 7.
a.3.4

Implementation details

Algorithms have been implemented in pure C++ using STL implementation of some basic
data structures (heaps, priority queues), the Milena image processing library to provide
fundamental image types and I/O functionality, and Intel TBB [109] for parallelism.
Specific implementation optimizations are listed below:
Sort optimization. A counting sort is used when quantization is lower than 18 bits. For
large integers of q bits, it switches to 216 -based radix sort requiring q/16 counting sorts.
Pre-allocation. Queues and stacks are pre-allocated to avoid dynamic memory reallocation. Hierarchical queues are also pre-allocated by computing image histogram as a
pre-processing.
Priority-queues. An heap is implemented with hierarchical queues when quantization is
less than 18 bits. For large integer it switches to the STL standard heap implementation. A
“y-fast trie” data structure [136] can be used for large integer ensuring a better complexity
(see Appendix A.4.1) but no performance gain has been obtained.
Map-reduce. In the parallel version of the algorithms, all instructions that deal about
S construction and canonicalization have been removed since S is reconstructed from
scratch and parent canonicalized by the procedure in Algorithm 13
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Algorithm
Berger [15]
Berger + rank
Najman and Couprie [91]
Salembier et al. [114]
Nistér and Stewénius [96]
Wilkinson [133]
Salembier non-recursive
Map-reduce
Matas et al. [77]

Small int
O(n log n)
O(n α(n))
O(n α(n))
O(nk)
O(nk)
O(n log n)
O(nk)
O( A(k, n))
O(n)

Time complexity
Large int
Generic V
O(n log n)
O(n log n)
O(n log log n)
O(n log n)
O(n log log n)
O(n log n)
O(nk) ≃ O(n2 ) N/A
O(nk) ≃ O(n2 ) N/A
O(n log n)
O(n log n)
O(n log log n)
O
√(n log n)
O( A(k, n)) + √
O(k n log n)
O(n) + O(k n(log n)2 )

Auxiliary space requirement
Small int
Large int
Generic V
n + k + O(n)
2n + O(n)
n + O(n)
3n + k + O(n) 4n + O(n)
3n + O(n)
5n + k + O(n) 6n + O(n)
5n + O(n)
3k + n + O(n) 2k + n + O(n) N/A
2k + 2n
2k + 2n
N/A
3n
3n
3n
2k + 2n
3n
3n
...+n
...+n
...+n
k+n
2n
2n

Table 3: Complexity and space requirements of many max-tree algorithms. n is the
number of pixels and k the number of gray levels.
a.4

algorithms comparison

a.4.1

Complexity analysis

Let n = H ∗ W with H the image height, W the image width and n the total number of
pixels. Let k be the number of values in V.
a.4.1.1

Immersion algorithms

They require sorting pixels, a process of Θ(n + k ) complexity (k ≪ n) for small integers
(counting sort), O(n log log n) for large integers (hybrid radix sort), and O(n log n) for
generic data types with a more complicated ordering relation (comparison sort). Unionfind is O(n log n) and O(nα(n)) when used with union-by-rank 1 . Canonicalization is
linear and does not use extra memory. Memory-wise, sorting may require an auxiliary
buffer depending on the algorithm and histograms for integer sorts thus Θ(n + k)
extra-space. Union without rank requires a zpar image for path compression (Θ(n))
and the system stack for recursive calls in findroot which is O(n) (findroot could be
non-recursive, but memory space is saved at the cost of a higher computational time).
Union-by-rank requires two extra images (rank and repr) of n pixels each.
a.4.1.2

Flooding algorithms

They require a priority queue to retrieve the highest point in the propagation front. Each
point is inserted and removed once, thus the complexity is Θ(np) where p is the cost of
pushing or popping from the heap. If the priority queue is encoded with a hierarchical
queue as in [114, 96], it uses n + 2k memory space, provides constant insertion and
constant access to the maximum but popping is O(k ). In practice, in images with small
integers, gray level difference between neighboring pixels is far to be as large as k. With
high dynamic image, a heap can be implemented with a y-fast trie [136], which has
insertion and deletion in O(log log k) and access to maximum element in O(1). For any
other data type, a “standard” heap based on comparisons requires n extra space, allows
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Figure 69: (a) Comparison of the algorithms on 8-bit images as a function of the size; (b)
Comparison of the algorithms on 8 Mega-pixels images as a function of the
quantization.
insertion and deletion in O(log n) and has a constant access to its maximal element. Those
algorithms need an array or a stack of respective size k and n. Salembier’s algorithm uses
the system stack for a recursion of maximum depth k, hence O(k) extra-space.
a.4.1.3

Merge-based algorithms

The complexity depends on A(k, n), the complexity of the underlying method used to
compute the max-trees of sub-domains. Let s = 2h the number of sub-domains. The mapreduce algorithms require s mapping operations and s − 1 merges. A good map-reduce
algorithm would split the domain to form a full and complete tree so we assume all
leaves to be at level h. Merging sub-trees of size n/2 has been analyzed in [135] and is
O(k log n) (we merge nodes of every k levels using union-find without union-by-rank).
Thus, the complexity of a single reduction is O(Wk log n). Assuming s constant and
√
H = W = n the complexity as a function of n and k of the map-reduce algorithm is
√
O(A(k, n)) + O(k n log n). When there is as many splits as rows, s is now dependent on
√
n. This leads to Matas et al. [77] algorithm whose complexity is O(n) + O(k n(log n)2 ).
Contrary to what they claim, when values are small integers the complexity stays
linear and is not dominated by merging operations. Finally, canonicalization and S
reconstruction have a linear time complexity (CanonicalizeRec is called only once for
each point) and only use an image of n elements to track points already processed. The
complexity analysis for each algorithm as well as the memory required by any auxiliary
data structure (including preallocated stacks and queues) is summerized in Table 3.

127

a comparative review of component tree computation algorithms
4.0

Matas et al. [22]
Berger + rank
Berger + level compression
Salembier-based [17]
Salembier unrecursive

700

600

3.5

3.0

Speed Up

500
Time (ms)

400

300

200

100

2.5

2.0

1.5
Matas et al. [22]
Berger + rank
Berger + level compression
Salembier-based [17]
Salembier unrecursive

1.0

2

4

6

8
10
Number of threads

14

12

16

0.5

2

4

6

8
10
Number of threads

(a)

12

14

16

(b)
2500
Matas et al. [22]
Berger + rank
Berger + level compression
Salembier-based [17]
Salembier unrecursive

2000

Time (ms)

128

1500

1000

500

0
8

10

14
12
Number of bits

16

18

(c)

Figure 70: (a,b) Comparison of the parallel algorithms on a 6.8 Mega-pixels 8-bits image
as a function of number of threads. (a) Wall clock time; (b) speedup w.r.t the
sequential version; (c) Comparison of the parallel algorithms using 8 threads
on a 6.8 Mega-pixels image as a function of the quantization.
a.4.2

Experiments

Benchmarks were performed on an Intel Core i7 (4 physical cores, 8 logical cores). The
programs were compiled with gcc 4.7, optimization flags on (-O3 -march=native). Tests
were conducted on a dataset of 8-bit images that were re-sized by cropping or tiling
the original image. Over-quantization was performed by shifting the eight bits left and
generating missing lower bits at random. Figure 69 depicts performance of the sequential
algorithms w.r.t to the size and the quantization. As a first remark, we notice that all
algorithms are linear in practice. On natural images, the n log n upper bound complexity
of the [133] and [15] algorithms is not reached. Algorithms from [15] and [91] have quite
the same running time (±6% on average), however the performance of [91] algorithm
drops significantly at 256 Mega-pixels. Indeed, at that size each auxiliary array/image
requires 1 GB memory space, thus [91] who use a lot of memory exceed the 6 GB RAM
limit and need to swap. Our implementation of union-by-rank uses less memory and
is on average 42% faster than [91]. Level compression is an efficient optimization that
provides 35% speedup on average on [15]. However, this optimization is only reliable
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Figure 72: Time distribution of the parallel versions of the algorithms.
on low quantized data. Figure 69b shows that it is relevant up to 18 bits. It operates on
flat-zones but when quantization gets higher, flat-zones are less probable and the tests
add worthless overheads (see Figure 71). Union-find is not affected by the quantization
but sorting does, counting sort and radix sort complexities are respectively linear and
logarithmic with the number of bits. The break in union-find curves between 18 and 20
bits stands for the switch from counting to radix sort. Flooding-based algorithms using
hierarchical queues outperform our union-find by rank on low quantized image by 41%
on average. As expected, [114] and [96] (which is the exact non-recursive version of the
former) closely match. However, the exponential cost of hierarchical queues w.r.t the
number of bits is evident on Figure 69b. By using a standard heap instead of hierarchical
queues, [133] does scale well with the number of bits and outperforms every algorithms
except our implementation of union-by-rank. In [133], the algorithm is supposed to match
[114]’s method for low quantized images, but in our experiments it remains 4 times slower.
Since [91]’s algorithm is always outperformed by our implementation of union-find by
rank, it will not be tested any further. Furthermore, because of the strong similarities
of [96] and [133], they are merged in our single implementation (called Non-recursive
Salembier below) that will use hierarchical queues when quantization is below 18 bits and
switches to a standard heap implementation otherwise. Finally, the algorithm Berger +
level compression will enable level compression only when the number of bits is below 18.
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Figure 73: Decision tree to choose the appropriate max-tree algorithm.
Figure 70 shows the results of the map-reduce idiom applied on many algorithms and
their parallel versions. As a first result, we can see that better performance is generally
achieved with 8 threads that is when the number of threads matches the number of
(logical) cores. However, since there are actually only 4 physical cores, we can expect
a ×4 maximum speedup. Some algorithms benefit more from map-reduce than others.
Union-find-based algorithms are particularly well-suited for parallelism. Union-find with
level compression achieves the best speedup, 3.6 times faster that the sequential version
while the union-find by rank, second, performs a ×3.1 speedup. More surprisingly, the
map-reduce pattern achieves significant speedup even when a single thread is used (×1.7
and ×1.4 for union-find with level compression and union-find by rank respectively).
This result is explained by a better cache coherence when working on sub-domains that
balances tree merges overheads. On the other hand, flooding algorithms do not scale that
well because they are limited by post-processes. Indeed, Figure 72 shows that 76% of the
time of parallelized Salembier’s algorithm is spent in post-preprocessing (that is going
to happen as well for union-find algorithms on architectures with more cores). In [135]
and [77], they obtain a speedup almost linear with the number of threads because only a
parent image is built. If we remove the canonicalization and the S construction steps, we
also get those speedups. Figure 70c shows the exponential complexity of merging trees
as number of bits increases that makes parallel algorithms unsuitable for high quantized
data. In light of the previous analysis, Figure 73 provides some guidelines on how to
choose the appropriate max-tree algorithm w.r.t. to image types and architectures.
a.5

conclusion

In this paper, we tried to lead a fair comparison of max-tree algorithms in a unique
framework. We highlighted the fact that there is no such thing as the “best” algorithm
that outranks all the others in every case and we provided a decision tree to choose the
appropriate algorithm w.r.t. to data and hardware. We proposed a max-tree algorithm
using union-by-rank that outperforms the existing one from [91]. Furthermore, we
proposed a second one that uses a new technique, level compression, for systems with
strict memory constraints. Extra-materials including the image dataset used for this

A.5 conclusion

comparison, and a “reproducible research” code, intensively tested, is available on the
Internet at http://www.lrde.epita.fr/Olena/MaxtreeReview.
Actually the union-find algorithm is a versatile tool used in many algorithms. A
recent publication [46] shows that the morphological tree of shapes, which is a self-dual
representation of the image contents, can also be computed using union-find. In [95], a
specific binary tree, corresponding to an ordered version of the edges of the minimum
spanning tree, is computed thanks to a Kruskal-like algorithm and involves the unionfind algorithm. Thus, the results presented in this paper also apply to obtain those trees
in the most efficient way.
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T R E E O F S H A P E S C O M P U TAT I O N A L G O R I T H M

Thierry Géraud, Edwin Carlinet, Sébastien Crozet, and Laurent Najman. “A Quasilinear Algorithm to Compute the Tree of Shapes of n-D images.” In: Proceedings
of the 11th International Symposium on Mathematical Morphology (ISMM’13). Ed. by
C.L. Luengo Hendriks, G. Borgefors, and R. Strand. Vol. 7883. Lecture Notes in
Computer Science. Springer, 2013, pp. 98–110.

b.1 introduction
The Tree of Shapes (ToS) [85] is an important morphological structure that represents
images in a self-dual way. Shortly put it can be seen as the result of merging the pair of
dual component trees, min-tree and max-tree, into a single tree. Using the ToS has many
advantages. Since it is self-dual, it makes no assumption about the contrast of objects
(either light object over dark background or the contrary). We only have one structure
that represents the image contents so we do not have to juggle with the couple of dual
trees. It intrinsically eliminates the redundancy of information contained in those trees.
Last, it encodes the spatial inclusion of connected components in gray-level images so
it is complementary to some other representations that focus on component (or region)
adjacency. As a consequence the ToS is not only an easy access to self-dual operators
such as grain filters but it has many applications, as listed in [80] (pp. 15–17), and some
very recent works illustrate several powerful perspectives offered by that tree (see [139,
141, 144], and their bibliography).
In the following we consider a nD digital image u as a function defined on a regular
cubical grid (precisely, u : Z n → Z), and to properly deal with some subsets of Z n and
with their complementary, we consider the dual connectivities c2n and c3n −1 . For any
λ ∈ Z, the lower (strict) cuts1 and upper (large) cuts of u are defined as [ u < λ ] =
{ x ∈ X | u( x ) < λ } and [ u ≥ λ ] = { x ∈ X | u( x ) ≥ λ }. From them we deduce two
sets, T< (u) and T≥ (u), composed of the connected components of respectively lower and
upper cuts of u: T< (u) = { Γ ∈ CC c2n ([ u < λ ]) }λ and T≥ (u) = { Γ ∈ CC c3n −1 ([ u ≥
λ ]) }λ , where CC denotes the operator that gives the set of connected components of
a set. The elements of T< (u) and T≥ (u) respectively give rise to two dual trees: the
min-tree and the max-tree of u. We then define two other sets, S< (u) (set of lower
shapes) and S≥ (u) (set of upper shape), as the sets of components of resp. T< (u) and
1 We can indifferently use the term “cut” or “threshold”.
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Figure 74: Three morphological trees of the same image.

T≥ (u) after having filled the cavities 2 of those components. With the cavity-filling (or
saturation) operator denoted by H, we have: S< (u) = { Hc3n −1 (Γ); Γ ∈ T< (u) } and
S≥ (u) = { Hc2n (Γ); Γ ∈ T≥ (u) }.
The set of all shapes S(u) = S< (u) ∪ S≥ (u) forms a tree, the so-called Tree of
Shapes (ToS) of u [85]. Indeed, for any pair of shapes Γ and Γ′ in S, we have Γ ⊂
Γ′ or Γ′ ⊂ Γ or Γ ∩ Γ′ = ∅. Actually, the shapes are the cavities of the elements of T<
and T≥ . For instance, if we consider a lower component Γ ∈ [ u < λ ] and a cavity H of
Γ, this cavity is an upper shape, i.e., H ∈ S≥ . Furthermore, in a discrete setting, H is
obtained after having filled the cavities of a component of [ u ≥ λ ]. Figure 74 depicts on a
sample image the three components trees (T< , T≥ , and S). Just note that the Equations so
far rely on the pair of dual connectivities, c2n and c3n −1 , so discrete topological problems
are avoided, and, in addition, we are forced to consider two kind of cuts: strict ones for
c2n and large ones for c3n −1 .
The state-of-the-art of ToS computation (detailed in appendix B.5) suffers from two
major flaws: existing algorithms have a time complexity of O(n2 ) and they cannot easily
be extended to nD images. Briefly put, this is due to the fact that either they follow shape
contours or they have to know if a component has a cavity2 . This paper presents an
algorithm that can compute the ToS with quasi-linear time complexity when image data
are low quantized; furthermore this algorithm straightforwardly applies to nD images.
This paper is organized as follows. First we explain that a well-known algorithmic
scheme can be reused to compute the ToS (appendix B.2). Then this paper introduces a
new discrete representation of images (appendix B.3) that has some properties borrowed
from the continuous world. At that point we are ready to glue together the algorithmic
2 In 2D, a cavity of a set S ∈ Ω is called a “hole”; in nD, it is a connected component of Ω\S which is not
the “exterior” of S. Browsing the elements of S in nD, with n ≥ 3, does not allow to know whether S has a
cavity or not[54].

B.2 algorithmic scheme and the need for continuity

scheme and the novel image representation to present a quasi-linear algorithm that
compute the ToS (appendix B.4). Related works about that tree computation is presented
so that the reader can compare our approach to existing ones (appendix B.5). Last, we
give a short conclusion (appendix B.6) 3 .
b.2

algorithmic scheme and the need for continuity

This section shows that the max-tree algorithm presented in [15] is actually an algorithmic
“canvas” [47], that is, a kind of meta-algorithm that can be “filled in” so that it can serve
different aims. In the present paper it gives an algorithm to compute the ToS.
b.2.1 About union-find and component trees
An extremely simple union-find structure (attributed by Aho to McIlroy and Morris) was
shown by Tarjan [122] to be very efficient. This structure, also called disjoint-set data
structure or merge-find set, has many advantages that are detailed in [27]; amongst them,
memory compactedness, simplicity of use, and versatility. This structure and its related
algorithms are of prime importance to handle connected operators [79, 45].
Algorithm 14: “Union-Find”-based computation of a morphological tree.
function unionfind(R)
for all p do
zpar( p) ← undef

for i ← N − 1 to 0 do
p ← R[i ]
parent( p) ← p
zpar( p) ← p
for all n ∈ N ( p) s.t.
zpar(n) 6= undef do
r ← findroot(zpar, n)
if r 6= p then
parent(r ) ← p
zpar(r ) ← p

function findroot(zpar, x)
if zpar (x) = x then
return x
else
zpar( x ) ← findroot(zpar, zpar( x ))
return zpar( x )
function computetree(u)
R ← sort(u)
parent ← unionfind(R)
canonicalizetree(u, R, parent)
return (R, parent)

return parent
3 Due to limited place, this paper does not contain the following topics (they will be included into an
extended version of this paper). A comparison of execution times of existing algorithms. Actually it is possible to
reduce the space complexity (i.e., memory usage) of the algorithm proposed in this paper so the shorter
version presented here is not our “competitive” version. The union-by-rank procedure that guaranties quasi-linear
complexity. So that the Union-Find routine (given in [15] and recalled in algorithm 14) remains short, its
code does not feature tree balancing; yet it is explained in [27]. A formal proof of our algorithm. This paper
focuses on how the proposed algorithm works and gives an insight into the reasons why it works; to give a
formal proof requires a large amount of materials, the first part of which can be found in [94]. About high
bit-depths data. That case is not detailled in this paper.
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Let us denote by R the ancestor relationship in trees: we have a R p iff a is an ancestor
of p. R can be encoded as an array of elements (nodes) so that a R p ⇔ indexR ( a) <
indexR ( p); browsing that array thus corresponds to a downwards browsing of the tree,
i.e., from root to leaves. To construct the max-tree of a given image, we rely on a rooted
tree defined by a parenthood function, named parent, and encoded as an nD image (so
parent( p) is an nD point). When a node of the max-tree contains several points, we choose
its first point (with respect to R) as the representative for this node; that point is called a
component “canonical point” or a “level root”. Let Γ denote a component corresponding
to a node of the max-tree, pΓ its canonical element, and pr the root canonical element.
The parent function that we want to construct should verify the following four properties:
1. parent( pr ) = pr ; 2. ∀ p 6= pr , parent( p) R p ; 3. p is a canonical element iff p =
pr ∨ u(parent( p)) 6= u( p) ; 4. ∀ p, p ∈ Γ ⇔ u( p) = u( pΓ ) ∧ ∃ i, parenti ( p) = pΓ
(therefore ∀ p ∈ Γ, p = pΓ ∨ pΓ R p).
The routine union_find, given in algorithm 14, is the classical “union-find” algorithm [122] but modified so that it computes the expected morphological tree [15] while
browsing pixels following R−1 , i.e., from leaves to root (let us recall that we do not
feature here the union-by-rank version). Its result is a parent function that fulfills those
first four properties. Obtaining the following extra property, “5. ∀ p, parent( p) is a canonical element,” is extremely interesting since it ensures that the parent function, when
restricted to canonical elements only, gives a “compact” morphological tree such as the
ones depicted in fig. 74. Precisely it allows to browse components while discarding their
contents: a traversal is thus limited to one element (one pixel) per component, instead of
passing through every image elements (pixels). Transforming the parent function so that
property 5 is verified can be performed by a simple post-processing of the union-find computation. The resulting tree has now the simplest form that we can expect; furthermore
we have an isomorphism between images and their canonical representations.
b.2.2

Computing the max-tree and the ToS

The algorithm presented in [15] to compute the max-tree is surprisingly also able to
compute the ToS. The skeleton, or canvas, of this algorithm is the routine compute_tree
given in the right part of algorithm 14; it is composed of three steps: sort the image
elements (pixels); then run the modified union-find algorithm to compute a tree encoded
by a parent function; last modify the parent function to give that tree its canonical form.
In the case of the max-tree, the sorting step provides R encoded as an array of
points sorted by increasing gray-levels in u, i.e., such that the array indices satisfy
i < i′ ⇒ u(R[i ]) ≤ u(R[i′ ]). When image data are low quantized, typically 12 bit data
or less, then sorting points can be performed by a distribution sort algorithm. Last, the
canonicalization post-processing is a trivial 5-line routine that the reader can find in [15].
In the case of the ToS, it is also a tree that represents an inclusion relationship between
connected components of the input image. As a consequence a first important idea to

B.2 algorithmic scheme and the need for continuity

catch is that the ToS can be computed with the exact same routine, union_find, as the
one used by max-tree.
b.2.3 What if...
The major and crucial difference between the max-tree and the ToS computations is
obviously the sorting step. For the union_find routine to be able to compute the ToS
using R−1 , the sort routine has to sort the image elements so that R corresponds to
a downward browsing of the ToS. Schematically we expect that R contains the image
pixels going from the “external” shapes to the “internal” ones (included in the former
ones).
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Figure 75: Tree computation of the max-tree (left) and of the ToS(right). For both cases,
the result R of the sorting step is given over the green arrow and the tree
computation, browsing R−1 , is progressively depicted.
The similarity between the computations of both trees is illustrated in fig. 75. We
can see that the modified union-find algorithm correctly computes both trees once R is
properly defined. Therefore we “just” need to know how to compute R in the case of the
ToS to turn the canvas given in the previous appendix B.2.2 as the expected algorithm.
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Figure 76: A sample image and its ToS (left); a step towards an ad-hoc image representation (right).
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Let us consider the image depicted on the left of fig. 76 with its ToS. We can see that
we need to reach the regions A and A’ before the regions B and C in order to properly
sort pixels, i.e., to compute R. It is only possible if we can pass “between” pixels. The
representation depicted on the right of fig. 76 is well-suited for that since it contains
some elements that materialize inter-pixel spaces. Furthermore, given a two adjacent
pixels with respective values 0 and 3, the element in-between them has to bear all the
“intermediate” values: not only 1 but also 2. Indeed, if we change the value of regions
A and A’ from 1 to 2, the tree structure is unchanged but inter-pixel elements between
regions B and C have now to make A and A’ connect with value 2. Eventually we need an
image representation that is “continuous” in some way with respect to both the domain
space and the value space.
b.3

image representation

To be able to sort the image pixels so that R corresponds to a top-down browsing of ToS
elements, this paper introduces a novel representation of images4 . It relies on a couple of
theoretical tools briefly described hereafter5 .
b.3.1

Cellular complex and Khalimsky grid

From the sets H01 = {{ a}; a ∈ Z } and H11 = {{ a, a + 1}; a ∈ Z }, we can define
H 1 = H01 ∪ H11 and the set H n as the n-ary Cartesian power of H 1 . If an element h ⊂ Z n
is the Cartesian product of d elements of H11 and n − d elements of H01 , we say that h
is a d-face of H n and that d is the dimension of h. The set of all faces, H n , is called the
nD space of cubical complexes. Figure 77 depicts a set of faces { f , g, h} ⊂ H 2 where
f = {0}×{1}, g = {0, 1}×{0, 1}, and h = {1}×{0, 1}; the dimension of those faces are
respectively 0, 2, and 1. Let us write h↑ = {h′ ∈ H n | h ⊆ h′ } and h↓ = { h′ ∈ H n | h′ ⊆ h}.
The pair ( H n , ⊆) forms a poset and the set U = {U ⊆ H n | ∀ h ∈ U, h↑ ⊆ U } is a
T0-Alexandroff topology on H n . With E ⊆ H n , we have a star operator st( E) = ∪h∈E h↑
and a closure operator cl( E) = ∪h∈E h↓ , that respectively gives the smallest open set and
the smallest closed set of P ( H n ) containing E.
f
f
h

g

h

g

Figure 77: Three faces depicted as subsets of Z2 (left) and as geometrical objects (middle);
Khalimsky grid (right) with 0- to 2-faces respectively painted in red, blue, and
green.

4 In [94], a formal characterization of the discrete topology underlying this novel representation is presented.
5 The authors recommend [78, 11] for extra readings about those tools.

B.3 image representation

The set of faces of H n is arranged onto a grid, the so-called Khalimsky’s grid, depicted
in gray in fig. 77 (right); and inclusion between faces lead to a neighborhood relationship,
depicted in gray and yellow. The set of 2-faces, the minimal open sets of H n , is the
n-Cartesian product of H1 and is denoted by H1n .
b.3.2 Set-valued maps
A set-valued map u : X
Y is characterized by its graph, Gra(u) = { ( x, y) ∈
X × Y | y ∈ u( x ) }. There are two different ways to define the “inverse” of a subset by
a set-valued map: u⊕ ( M ) = { x ∈ X | u( x ) ∩ M 6= ∅ } is the inverse image of M by u,
whereas u⊖ ( M ) = { x ∈ X | u( x ) ⊂ M } is the core of M by u. Two distinct continuities
are defined on set-valued maps. The one we are interested in is the “natural” extension
of the continuity of a single-valued function. When X and Y are metric spaces and when
u( x ) is compact, u is said to be upper semi-continuous (u.s.c.) at x if ∀ε > 0, ∃ η > 0
such that ∀ x ′ ∈ BX ( x, η ), u( x ′ ) ⊂ BY (u( x ), ε), where BX ( x, η ) denotes the ball of X of
radius η centered at x. One characterization of u.s.c. maps is the following: u is u.s.c. if
and only if the core of any open subset is open.
b.3.3 Interpolation
Following the conclusions of appendix B.2.3, we are going to immerse a discrete nD
function defined on a cubical grid u : Z n → Z into some larger spaces in order
to get some continuity properties. For the domain space, we use the subdivision X =
1 n
1 n
n
n
2 H of H . Every element z ∈ Z is mapped to an element m ( z ) ∈ 2 H1 with z =
1
1
(z1 , . . . , zn ) 7−→ m(z) = {z1 , z1 + 2 } × . . . × {zn , zn + 2 }. The definition domain of u,
D ⊆ Z n , has thus a counterpart in X, that will also be denoted D , and that is depicted in
bold in fig. 78. For the value space, we immerse Z (the set of pixel values) into the larger
space Y = 12 H 1 , where every integer becomes a closed singleton of H01 . Thanks to an
“interpolation” function, we can now define from u a set-valued map u = I(u). We have
u : X
Y and we set:

−1
if h ∈ D
 { u(m (h)) }
∀ h ∈ X, u(h) =
(B.1)
max( u(h′ ) : h′ ∈ st(cl(h)) ∩ D )
if h ∈ 12 H1n \D

1 n
′
′
span( u(h ) : h ∈ st(h) ∩ D )
if h ∈ X \ 2 H1 .

An example of interpolation is given in fig. 78. Actually, whatever u, such a discrete
interpolation I(u) can also be interpreted as a non-discrete set-valued map IR (u) : R n
R (schematically IR (u)( x ) = I(u)(h) with h such as x ∈ R n falls in h ∈ 21 H n ), and we
can show that IR (u) is an u.s.c. map.
To the authors knowledge the notion of cuts (or thresholds) have not been defined
for set-valued maps. Since they are of prime importance for mathematical morphology,
and for the ToS in particular, we propose in this paper the following definitions. Given
λ ∈ Y, let us state that [ u ⊳ λ ] = { x ∈ X | ∀ µ ∈ u( x ), µ < λ } and [ u ⊲ λ ] = { x ∈
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Figure 78: The function u : Z2 → Z (left) is transformed into the set-valued map u :
1 1
1 2
2H
2 H (middle); d-faces with d ∈ {0, 1} are interval-valued in u with the
span of their respective (d + 1)-face neighbors (right).
X | ∀ µ ∈ u( x ), µ > λ }. We can show [94] that, with those definitions, ∀u, ∀λ, [ I(u) ⊳
λ ] and [ I(u) ⊲ λ ] are well-composed [65]. That is, strict cut components and their
complementary sets can be handled both with the same unique connectivity, c2n . As a
consequence, the operators star and H commute on those sets, and we can prove [94]
that:
SI (u) = { Hc2n (Γ); Γ ∈ {CC c2n ([ I(u) ⊳ λ ])}λ ∪ {CC c2n ([ I(u) ⊲ λ ])}λ }
is a set of components that forms a tree. Moreover, we can also prove that T< (u) = { Γ ∩
D ; Γ ∈ { CC c2n ([ I(u) ⊳ λ + 1/2 ]) }λ∈ H0 } and T≥ (u) = { Γ ∩ D ; Γ ∈ { CC c2n ([ I(u) ⊲
λ + 1/2 ]) }λ∈ H0 }. So eventually we have: S(u) = { Γ ∩ D ; Γ ∈ SI (u)}. That final
property means that strict cuts of the interpolation of u, considering only c2n for the
different operators, allows for retrieving the shapes of u, as defined with the pair of dual
connectivities c2n and c3n −1 .
b.4

putting things altogether

b.4.1 About saturation and initialization
Classically the root node of the ToS represents the whole image and, formally, the
saturation operator is defined w.r.t. a point at infinity, p∞ , located outside the image
domain D . A rather natural idea is that the root level, ℓ∞ , should only depend on the
internal border of D (which is unfortunately not the case for the algorithms proposed
in the literature). To that aim, before interpolating u, we add to this image an external
border with a unique value, ℓ∞ , set to the median value of the internal border. p∞ is then
one point from the added border.

B.4 putting things altogether

Algorithm 15: Sorting for ToS computation.
function priority_push(q, h, U, ℓ)
// modify q
[lower, upper] ← U (h)
if lower > ℓ then ℓ′ ← lower
else if upper < ℓ then ℓ′ ← upper
else ℓ′ ← ℓ
push(q[ℓ′ ], h)
function priority_pop(q, ℓ)
// modify q, and sometimes ℓ
ℓ′ ← level next to ℓ such as q[ℓ′ ] is not
empty
ℓ ← ℓ′
return pop(q[ℓ])

function sort(U)
for all h do
deja_vu(h) ← false

i←0
push(q[ℓ∞ ], p∞ )
deja_vu( p∞ ) ← true
ℓ ← ℓ∞ /* start from root level */
while q is not empty do
h ← priority_pop(q, ℓ)
u♭ ( h) ← ℓ
R[i ] ← h
for all n ∈ N (h) s.t. not deja_vu(n) do
priority_push(q, n, U, ℓ)
deja_vu(n) ← true
i ← i+1

return (R, u♭ )

b.4.2 Handling the hierarchical queue
To sort the faces of the domain X of U, we use a classical front propagation based on a
hierarchical queue [83], denoted by q, the current level being denoted by ℓ. The sorting
algorithm is given in algorithm 15. There are two notable differences with the well-known
hierarchical-queue-based propagation. First the d-faces, with d < n, are interval-valued so
we have to decide at which (single-valued) level to enqueue those elements. The solution
is straightforward: a face h is enqueued at the value of the interval U (h) that is the closest
to ℓ (see the procedure priority_push()). Just also note that we memorize the enqueuing
level of faces thanks to the image u♭ (see the procedure sort). Second, when the queue
at current level, q[ℓ], is empty (and when the hierarchical queue q is not yet empty), we
shall decide what the next level to be processed is. We have the choice of taking the next
level, either less or greater than ℓ, such that the queue at that level is not empty (see the
procedure priority_pop()). Practically choosing going up or down the levels does not
change the resulting tree since it just means exploring some sub-tree before some other
disjoint sub-tree.
The result R of the sorting step is the one expected since the image U, in addition
with the browsing of level in the hierarchical queue, allows for a propagation that is
“continuous” both in domain space and in level space. An interesting property due to the
interpolation and the well-composedness of cuts is that the neighborhood N , used for
faces in the propagation, corresponds to the c2n connectivity on the Khalimsky’s grid.
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b.4.3

Max-tree versus tree of shapes computation

The main body of the ToS computation algorithm is given in algorithm 16. The major
differences between this algorithm and the one dedicated to the max-tree (see the
procedure compute_tree in algorithm 14) are the following ones.
Algorithm 16: ToS computation in five steps.
function compute_tree_of_shapes(u)
U ← interpolate(u)
(R, u♭ ) ← sort(U)
parent ← union_find(R)
canonicalize_tree(u♭ , R, parent)
return un-interpolate(R, parent)

First the three basic steps (sort, union-find, and canonicalization) are now surrounded
by an interpolation and un-interpolation process. Note that the un-interpolation just
cleans up both R and parent to keep only elements of D . Second, as emphasized in
appendix B.2.2, the sorting step is of course dedicated to the ToS computation. Last, a
temporary image, u♭ , is introduced. It is defined on the same domain as u, namely X, and
contains only single-valued elements. This image is the equivalent of the original image u
when dealing with the max-tree: it is used to know when an element h is canonical, that
is, when u♭ (parent(h)) 6= u♭ (h) (so that image is thus required by the canonicalization
step that runs on X).
Complexity analysis of the algorithm presented here is trivial. The interpolation, canonicalization, and un-interpolation are linear. The modified union-find (once augmented
with tree balancing, i.e., union-by-rank) is quasi-linear when values of the input image
u have a low quantization (typically 12 bits or less). Last, the time complexity of the
sorting step is governed by the use hierarchical queue: it is linear with low quantized
data6 . Eventually we obtain a quasi-linear algorithm. The representation of the tree with
the pair (R, parent) allows for any manipulation and processing that one expects from a
morphological tree [27].
b.5

related works

The first known algorithm, the “Fast Level Line Transform (fllt)” [85], computes the
max-tree and the min-tree of an image and obtains the ToS by merging both trees. The
main drawback of the fllt is the need to know that a component has an hole (in order
to match it with a component of the other tree). To that aim the Euler characteristic is
computed, which can be done locally (while following the border of components) but
6 Formally the sorting step has the pseudo-polynomial O(k n) complexity, k being the number of different
gray values. Though, since we consider low bit-depths data, k shall only be considered as a complexity
multiplicative factor.

B.6 conclusion

in 2D only. In [30, 80] the authors show that this fusion approach is sound in nD with
n > 2; yet it cannot be effective in practice due to unacceptable complexity.
In [28] the “Fast Level Set Transform” (flst) relies on a region-growing approach to
decompose the image into shapes. It extracts each branch of the tree starting from the
leaves and growing them up to the root until at least one saddle point is encountered.
Each time a saddle point is encountered, the branch extraction procedure has to stop until
every parallel branch meeting at this point is extracted. So each saddle point invalidates
the shape currently being extracted, forcing the algorithm to visit its pixels again once
a parallel branch is extracted. Since an image like a checkerboard contains O(n) saddle
points meeting on O(n) pixels, the flst has a O(n2 ) worst case time complexity.
Song [119] takes a top-down approach to build the tree of level lines in O(n + t) time,
where t is the total length of all level lines (note that filling the interior of each level line
allows for retrieving the ToS). The algorithm is restricted to 2D images with hexagonal
pixels. Its key idea is to perform a recursion (starting from the image boundary): for a
given component, follow every contours of its holes, and repeat this procedure for each
hole component. Since the total length of level lines of an image can be of order O(n2 ),
the worst case has a quadratic-time complexity.
b.6 conclusion
In this paper, we have presented a new algorithm to compute the ToS of an image
which features a quasi-linear time complexity, runs on nD images, and benefits from a
much simpler implementation than existing algorithms. We have also proposed a novel
representation of images as set-valued maps which has some continuity properties while
remaining discrete.
Actually we believe that this representation is a good start to get a “pure” self-duality
for images and operators, that is, a way to get rid of the pair of dual connectivities c2n
and c3n −1 , and of the dissymmetry of cuts (strict and large cuts for respectively lower
and upper cuts). In particular, replacing the maximum operator by the median operator
in eq. (B.1) leads to a pure self-dual definition of the ToS of 2D images [94]. Furthermore
the perspectives offered by that new representation might be far from being limited to
the ToS computation.
For our experiments we use our free software library [69]; in particular, the fact that
our tool makes it easy to write generic software in the case of mathematical morphology
and discrete topology is discussed in [70]. The work presented here will be available in
the next release of our software for we advocate reproducible research.
Acknowledgements. The authors would like to thanks Michel Couprie and Jean Cousty for fruitful discussions. This
work received funding from the Agence Nationale de la Recherche, contract ANR-2010-BLAN-0205-03 and through
“Programme d’Investissements d’Avenir” (LabEx BEZOUT n◦ ANR-10-LABX-58).
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c.1 introduction
In a large number of applications, processing relies on objects or areas of interest. Therefore, region-based image representations have received much attention. In mathematical
morphology, several region-based image representations have been popularized by attribute filters [18, 132] or connected operators [114, 113], which are filtering tools that act
by merging flat zones. Such operators rely on transforming an image into an equivalent
region-based representation, generally a tree of components (e.g., the Min/Max-trees [114]
or the tree of shapes [85]). Such trees are equivalent to the original image in the sense that
the image can be reconstructed from the associated tree. Filtering then involves the design
of an attribute function that weighs how important/meaningful a node of the tree is or
how much a node of the tree fits a given shape. The filtering is achieved by preserving
and removing some nodes of the tree according to the attribute function. This filtering
process is either performed classically by thresholding the attribute function [113] or by
considering the tree-based image representations as graphs and applying some filters on
this graph representation [141, 137].
There exist many applications in image processing and computer vision that rely on
tree-based image representations (see [137] for a short review). All these applications share
a common scheme: one computes a tree representation and an attribute function upon
which the tree analysis is performed. The choice of tree representation and the adequacy
of attribute function mainly determine the success of the corresponding applications.
Many algorithms for computing different trees have been proposed (see appendix C.2.2
for a short review). In this paper, we focus on attribute computation, which is also
an important step for the tree-based applications. To the best of our knowledge, only
the algorithms for information computed on region have been presented [135] so far,
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(a) Illustration on a synthetical image. Green: exterior region; Blue: interior region.

(b) Illustration of cerebrospinal fluid detection on MRI images of a newborn’s brain.

Figure 79: Examples of object detection using the context-based energy estimator [139]
relying on contour and context information. An evolution of this attribute
along a branch starting from the yellow point to the root is depicted on the
right side of (a).
none of the existing papers gives explicitly the algorithms computing the other attribute
information employed in tree-based applications. In this paper, firstly, we detail explicitly
how to incrementally compute some information on region, contour, and context. These
informations form the basis for many classical attribute functions (e.g., area, compactness, elongation). Let us remark that contextual information is very adequate for object
detection, such as the context-based energy estimator [139] that relies on information
computed on contour and context. Two examples of object detection using this attribute
are shown in fig. 79. Another type of interesting information is extremal information
along the contour (e.g., the minimal gradient’s magnitude along the boundary). An
example employing this information is the number of false alarms (NFA) for meaningful
level lines extraction [42, 21]. Here we propose an efficient algorithm that does not require
much memory to compute this kind of information. Lastly, we depict an algorithm computing the extinction-based saliency map [137] representing a hierarchical morphological
segmentation using tree-based image representations (two examples are illustrated in
fig. 80). These algorithms form the main contribution of this paper.
The rest of the paper is organized as follows: A short review of some tree-based
image representations and their computations using immersion algorithm are provided
in appendix C.2. Our proposed algorithms to compute some attribute information

C.2 review of morphological trees and their computations

(a) Extinction-based saliency map using color tree of shapes [25].

(b) Circular object oriented extinction-based saliency map.

Figure 80: Illustrations of extinction-based saliency maps from the ToS.
and saliency maps are detailed in appendix C.3, and we analyze in appendix C.4 the
complexity and the memory cost of the proposed algorithms. Finally, we conclude and
give some perspectives in appendix C.5.
c.2 review of morphological trees and their computations
Region-based image representations are composed of a set of regions of the original
image. Those regions are either disjoint or nested, and they are organized into a tree
structure thanks to the inclusion relationship. There are two types of such representations:
fine to coarse hierarchical segmentations and threshold decomposition-based trees. In
this paper, we only consider the threshold decomposition-based trees.
c.2.1

Tree-based Image Representations

Let f be an image defined on domain Ω and with values on ordered set V (typically R
or Z). For any λ ∈ V , the upper level sets Xλ and lower level sets X λ of an image f are
respectively defined by Xλ ( f ) = { p ∈ Ω | f ( p) ≥ λ} and X λ ( f ) = { p ∈ Ω | f ( p) ≤ λ}.
Both the upper and lower level sets have a natural inclusion structure: ∀ λ1 ≤ λ2 , Xλ1 ⊇
Xλ2 and X λ1 ⊆ X λ2 , which leads to two distinct and dual representations of the image:
Max-tree and Min-tree [114]. The Tree of Shapes (ToS) is a fusion of the Max-tree and
Min-tree via the notion of shapes [85]. A shape is defined as a connected component of an
upper or lower level set with its holes filled in. Thanks to the inclusion relationship of
both kinds of level sets, the set of shapes can be structured into a tree structure, called
the ToS. An example of these trees is depicted in fig. 81.
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Figure 81: Tree-based image representations relying on threshold decompositions.
c.2.2

Tree Computation and Representation

There exist three types of algorithms to compute the Min/Max-tree (see [26] for a complete review): flooding algorithms [114, 133, 96], merge-based algorithms [135, 100], and
immersion algorithms [15, 91]. In this paper, we employ the immersion algorithm to construct the Min/Max-tree. Concerning the ToS [85], there are four different algorithms [85,
119, 28, 46]. We use the one proposed by Géraud et al. [46]. It is similar to the immersion
algorithms used for the Min/Max-tree computation. All these trees feature a common
scheme of process: they start with considering each pixel as a singleton and sorting
the pixels in decreasing tree order (i.e., root to leaves order), followed by an union-find
process (in reverse order) to merge disjoint sets to form a tree structure.
Let R be the vector of the N sorted pixels, and N ( p) be neighbors (e.g., 4- or 8connectivity) of the pixel p. The union-find process is then depicted in the left column
of algorithm 17, where parent and zpar are respectively the parenthood image and the
root path compression image. The whole process of tree computation is given in the
right column of algorithm 17, where SORT_PIXELS is a decreasing tree order sorting.
The algorithms for computing the Min/Max-tree and the ToS differ in this pixel sorting
step. For the Min/Max-tree, they are either sorted in decreasing order (Min-tree) or
increasing order (Max-tree). If the image f is low quantized, we can use the Bucket sort
algorithm to sort the pixels. Concerning the ToS, the sorting step is more complicated.
It first interpolates the scalar image to an image of range using a simplicial version of
the 2D discrete grid: the Khalimsky grid as shown in fig. 82. We note KΩ , the domain
Ω immersed on this grid. In fig. 82a, the original points of the image are the 2-faces,
the boundaries are materialized with 0-faces and 1-faces. The algorithm in [46] ensures
that shapes are open connected sets (e.g., the purple shape in fig. 82a) and that shapes’
borders are composed of 0-faces and 1-faces only (e.g., the dark curve in fig. 82a). We
refer the interested reader to the work of Géraud et al. [46] for more details on this pixel
sorting step.
The tree structure is encoded through the image parent : Ω → Ω or KΩ → KΩ that
states the parenthood relationship between nodes. In parent, a node is represented by a
single pixel (a 2-face of the Khalimsky grid in the case of the ToS) called the canonical
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Algorithm 17: Tree construction relying on union-find process.
function find_root(zpar, x)
if zpar ( x ) 6= x then
zpar ( x ) ← find_root(zpar, zpar ( x ));
return zpar ( x )

function union_find(R)
foreach p do zpar ( p) ← undef;
for i ← N − 1 to 0 do
p ← R[i ];
parent( p) ← p; zpar ( p) ← p;
foreach n ∈ N ( p) s.t.
zpar (n) 6= undef do
r ← find_root(zpar, n);
if r 6= p then
parent(r ) ← p; zpar (r ) ← p;

function canonize_T( f , R, parent)
for i ← 0 to N − 1 do
p ← R[i ];
q ← parent( p);
if f ( parent(q)) = f (q) then
parent( p) ← parent(q);
return parent

function compute_tree( f )
R ← sort_pixels(f);
parent ← union_find(R);
parent ← canonize_T( f , R, parent);
return parent

return parent

element, and each non-canonical element is attached to the canonical element representing
the node it belongs to. In the following, we denote by getCanonical : Ω → Ω or KΩ →
KΩ , the routine that returns the canonical element of each point in the image.
c.3 proposed algorithms
In this section, we detail several algorithms related to some applications using tree-based
image representations, including computation of some classical information used in
many attribute functions (accumulated information in appendix C.3.1, and extremal
information along the contour in appendix C.3.2), and computation of extinction-based
saliency maps [137] in appendix C.3.3. For the sake of simplicity, we consider the Mintree or Max-tree representation. The algorithms for the ToS construction share the same
principle.
c.3.1

Incremental Computation of Some Accumulated Information

There are three main types of accumulated information: computed on region A (e.g.,
area), on contour L (e.g., length), and on context X (interior context X i or exterior context
X e ).
attributes computed on regions During the tree construction process, the algorithm starts with the pixels lying on the leaves, and the union-find acts as a region
merging process. The connected components in the tree are built during this region
growing process. We are able to handle information computed on region efficiently, such
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union and update

(a) Khalimsky grid.

(b) Updating contour.

(c) Regional context.

Figure 82: (a): A point in a 2D image is materialized with 0-faces (blue disks), 1-faces
(green strips), and 2-faces (red squares). (b): Updating contour information
when an union between two components (yellow and blue) occurs thanks to a
pixel (gray). (c): The approximated interior and exterior regional context of the
red level line is respectively the dark gray region and the light gray region.
as its size, the sum of gray level or sum of square of gray level that can be used to
compute the mean and the variance inside each region, the moments of each region
based on which we can compute some shape attribute that measures how much a node
fits a specific pattern. The algorithm for computing these information is depicted in
algorithm 18 by adding some additional operations (red lines) to the union-find process
during the tree construction, where i A encodes information on pixels (i.e., 2-faces). For
example if A is the size or the sum of gray level, then i A would be 1 (size of a pixel) or
b is a binary commutative and associative operator having
the pixel value. The operator +
b and b
a neutral element b
0 [135]. For example, if A is the size, then the operator +
0 would
be the classical operator + and 0 for the initialization.
attributes computed on contours Attribute functions that rely on contourrelated information are also very common, such as the average of gradient’s magnitude
along the contour. Information accumulated on contour can be managed in the same
way as information computed on region. The basic idea is that during the union-find
process, every time a pixel p is added to the current region to form a parent region,
process the four 1-faces which are the four neighbors (4-connectivity) of the current
pixel (i.e., 2-face in the Khalimsky grid in fig. 82a). If a 1-face e is already added to the
current region (i.e., belongs to its boundary), then remove e after adding p, since that
1-face e will be inside the parent region, consequently it is no longer on the boundary.
Otherwise, add this 1-face e. This process is illustrated in fig. 82b. It relies on an image
is_boundary defined on the 1-faces that indicates if the 1-face belongs to the boundary
of some region. Information on contour is computed by adding some supplementary
process (green and gray lines in algorithm 18) to the union-find process, where i L encodes
information defined on 1-faces. For example if L is the contour length or the sum of
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Algorithm 18: Incremental computation of information on region (in red), contour (in
green), and context (in blue). The computation of extremal information is in magenta.
The black lines represent the original union-find process, and the gray lines are used
for the computation of contour, context, and extremal information.
function union_find(R)
for all p do
zpar ( p) ← undef;
A( p) ← b
0;
b
L( p) ← 0 ;
X i ( p) ← b
0, X e ( p) ← b
0;
b ;
VL ( p) ← M

// compution on region (e.g. , area, sum of gray level)
// computation on contour (e.g. , contour length)
// computation on context
// extremal information along the contour

for all e do is_boundary(e) ← false;
for i ← N − 1 to 0 do
p ← R[i ]; parent( p) ← p; zpar ( p) ← p;
b i A ( p) ;
A( p) ← A( p) +
// i A : information on pixels (i.e., 2-faces)
for all n ∈ N ( p) s.t. zpar (n) 6= undef do
r ← find_root(zpar, n);
if r 6= p then
parent(r ) ← p, zpar (r ) ← p;
b A (r );
A( p) ← A( p) +
b
L ( p ) ← L ( p ) + L (r );
b X i (r ), X e ( p ) ← X e ( p ) +
b X e (r );
X i ( p) ← X i ( p) +
for all e ∈ N4 ( p) do
if not is_boundary(e) then
is_boundary(e) ← True ;
b i L (e) ;
L( p) ← L( p) +
// i L : information on 1-faces
tr
dl
// i X and i X : top-right and down-left context of 1-faces
if e is above or on the right of p then
e
e
b idl
b tr
X i ( p) ← X i ( p) +
X ( e ), X ( p ) ← X ( p ) + i X ( e )
e ( p) ← X e ( p) +
b itr
b idl
else X i ( p) ← X i ( p) +
(
e
)
,
X
X
X ( e );
appear (e) ← p;
else
is_boundary(e) ← False ;
b i L ( e );
L( p) ← L( p) −
if e is above or on the right of p then
e
e
b itr
b dl
X i ( p) ← X i ( p) −
X ( e ), X ( p ) ← X ( p ) − i X ( e )
i
i
dl
e
e
b
b itr
else X ( p) ← X ( p) − i X (e), X ( p) ← X ( p) −
X ( e );
vanish(e) ← p;

for all e do
Na ← appear (e), Nv ← vanish(e);
while Na 6= Nv do

VL ( Na ) ← update VL ( Na ), i L (e) ;
Na ← parent( Na );
return parent

// update: either min or max
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gradient’s magnitude, then i L would be 1 (size of a 1-face) or the gradient’s magnitude
b is the inverse of the operator +
b.
on the 1-faces. The operator −

attributes computed on contexts In [139], we have presented a context-based
energy estimator that is adequate for object detection (see fig. 79 for some examples).
It relies on regional context information. The interior and exterior contextual region of
a given region S (e.g., a shape) is defined as the set of pixels respectively inside and
outside the region with a distance to the boundary less than a given threshold ε. More
formally, given a ball Bε of radius ε, the exterior and interior of the shape S are defined
as Ext B (S) = δB (S) \ S and Int B (S) = S \ ǫB (S) where δ and ǫ denote the dilation and
erosion.
An approximated interior and exterior contextual region is illustrated in fig. 82c with
ε = 2. As shown in this figure, we approximate the interior region and the exterior
region of each level line by only taking into account the pixels which are aligned
perpendicularly to each 1-face of the level line. Note that some pixels may be counted
several times. Information on context can be computed in the same way as information
on contour. But one has to attend closely to interior and exterior information while doing
the update operation. The algorithm for computing interior (resp. exterior) contextual
information X i (resp. X e ) is shown in algorithm 18 by adding the gray and blue lines to
the union-find process. This algorithm relies on two pre-computed images defined on
dl
1-faces: itr
X and i X that encode information of ε pixels above (horizontal 1-face) or on the
right side (vertical 1-face) of e, and respectively below (horizontal 1-face) or on the left
side (vertical 1-face) of e.
Contextual information can be retrieved exactly at cost of a higher computation
complexity. For every point p, we aim at finding all the shapes for which p is in the
interior or the exterior. Given two points p and q such that q ∈ B( p), we note S p and Sq
their respective shapes (nodes). We also note Anc = LCA(S p , Sq ) where LCA stands for
the least common ancestor of the two nodes and finally, let [ A
B) = {S | A ⊆ S ⊂ B}
denotes the path from A to B in the tree. For all shapes S ∈ [S p
LCA(S p , Sq )), we
have p ∈ S, but q ∈
/ S, thus p ∈ Int B (S) and q ∈ Ext B (S) (see fig. 83). The algorithms in
algorithm 19 use the above-mentioned idea to compute contextual information, where
i X stands for information on pixels. A set of nodes DjVu is used to track the shapes
for which the current point has already been considered. If for neighbors q1 and q2 ,
[S p
LCA(S p , Sq1 )) and [S p
LCA(S p , Sq2 )) have shapes in common, they will not be
processed twice.
c.3.2

Computation of Extremal Information along the Contour

Apart from those attributes based on accumulated information, the number of false
alarms (NFA) [42, 21] (see [21] for several examples of meaningful level lines selection
using NFA) requires to compute the minimal gradient’s magnitude along the boundary
of each region. Here we propose an efficient algorithm that requires low memory to
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LCA(Sp ,Sq )
Sq =
LCA(Sp ,Sq )

Sp =
LCA(Sp ,Sq )
Sq
Sp

Sq

Sp

Figure 83: Three cases for contextual computation. p and q are two neighbors (w.r.t. B).
The red path denotes the nodes in [S p
LCA(S p , Sq )) for which p is in the
interior and q in the exterior. Left: case S p ⊂ Sq , middle: case S p and Sq are in
different paths, right: case Sq ⊂ S p .
Algorithm 19: Algorithms for exact computation of contextual information X i and X e .
function external_context(parent)
function internal_context(parent)
foreach node x do X e ( x ) ← b
0;
foreach node x do X i ( x ) ← b
0;
foreach point q in Ω do
foreach point p in Ω do
DjVu ← ∅;
DjVu ← ∅;
foreach point p in Bε (q) do
foreach point q in Bε ( p) do
Np ← getCanonical( p);
Np ← getCanonical( p);
Nq ← getCanonical(q);
Nq ← getCanonical(q);
Anc ← LCA( Np , Nq );
Anc ← LCA( Np , Nq );
while Np 6= Anc do
while Np 6= Anc do
if Np 6∈ DjVu then
if Np 6∈ DjVu then
b i X ( q );
b i X ( p );
X e ( Np ) ← X e ( Np ) +
X i ( Np ) ← X i ( Np ) +
DjVu ← DjVu ∪ { Np };
Np ← parent( Np );

return X e

DjVu ← DjVu ∪ { Np };
Np ← parent( Np );

return X i

handle this extremal information along the contour VL . It relies on two images appear
and vanish defined on the 1-faces. appear (e) encodes the smallest region N a in the tree
for which the 1-face e lies on its boundary, while appear (e) stands for the smallest region
Nv for which e is inside it. Note that N a and Nv might be equal, e.g., in the case of
1-faces in the interior of a flat zone. The computation of extremal information along
the contour VL is depicted in algorithm 18 by adding the gray and magenta lines to the
b in the initialization step is the maximal (resp. minimal)
union-find process, where M
value for minimal (resp. maximal) information computation, and the operator “update”
is a “min” (resp. “max”) operator for the minimal (resp. the maximal) information.
c.3.3

Computation of the Saliency Map

As shown in [144, 137], the saliency map introduced in the framework of shape-based
morphology relies on the extinction values E defined on the local minima [125]. Once the
extinction values computed for all the minima (see [125] for details about the computation
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Algorithm 20: Computation of extinction-based saliency map ME .
function compute_saliency_map( f )
(T , A) ← Callcompute_treef;
E ← compute_extinction(T , A);
foreach edge e do ME (e) ← 0;
foreach edge e do
Na ← appear (e), Nv ← vanish(e);
while Na 6= Nv do
ME ( Na ) ← max(E ( Na ), ME (e));
Na ← parent( Na );

foreach 0-face o do
ME (o ) ← max(ME (e1 ), ME (e2 ), ME (e3 ), ME (e4 ))
return ME

of the extinction values compute_extinction()), we can weigh the extinction values on
the region boundaries corresponding to the minima. Each 1-face takes the maximal
extinction value of those minima for which this 1-face is on their boundaries. This can
be achieved via two images appear and vanish that have been used in the computation
of extremal information along the contour (as shown in algorithm 18). For each 0-face
o, it takes the maximal value among the four 1-faces e1 , e2 , e3 , and e4 that are neighbors
(4-connectivity) of o in the Khalimsky grid. Finally, the extinction-based saliency map
ME is obtained. The computation of the saliency map is given in algorithm 20.
c.4

complexity analysis

We use the algorithms based on the Tarjan’s Union-Find process to construct the Min-tree
and Max-tree [91, 15, 26] and the ToS [46]. These approaches would take O(n log(n))
time, where n is the number of pixels of the image f . For low quantized images (typically
12-bit images or less), the complexity of the computation of these trees is O(n α(n)),
where α is a very slow-growing “diagonal inverse” of the Ackermann’s function. In this
section, we analyze the additional complexity and the memory usage of the algorithms
proposed in appendix C.3.
c.4.1

Accumulated Information on Region, Contour, and Context

As described in appendix C.3.1 and shown in algorithm 18, information computed on
regions, contours, and contexts (the approximated version) are computed incrementally
during the union-find process. Consequently, they have the same complexity as the
union-find which is O(n α(n)). Besides, the pre-computed images (e.g., i L or itr
X ) can be
obtained in linear time, so the O(n α(n)) complexity is maintained. To compute exactly
contextual information as described in algorithm 19, for each pixel p, we have to compute
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the least common ancestor Anc of p and any q ∈ Bε ( p) and propagate from Np to Anc.
The computation of the least common ancestor has a O(h) complexity if a depth image
is employed, where h is the height of the tree. Consequently, the total complexity is
O(nε2 h).
Apart from the necessary memory of the union-find process, the computation of information on regions does not require auxiliary memory. For information computed on
contours and contexts (approximated), the auxiliary memory usage is 4n for the intermediate image is_boundary (defined on the Khalimsky grid). For the exact computation of
contextual information, we need the depth image (n pixels) used by the least common
ancestor algorithm and the intermediate set DjVu (O(h) elements). The total auxiliary
memory cost is thus n + h.
c.4.2

Extremal Information along the Contour

The algorithm computing extremal information along the contour relies on two auxiliary
images appear and vanish. As described in appendix C.3.2 and shown in algorithm 18,
these two images are computed incrementally during the union-find process. The complexity of this step is O(n α(n)). Then, to compute the final extremal information, for each
1-face e, we have to propagate the value to a set of node (from appear (e) to vanish(e)).
In the worst case, we have to traverse the whole branch of the tree. Consequently, the
complexity would be O(nh). In terms of auxiliary memory cost, it would take 4n for
each intermediate image appear, vanish, and is_boundary. So the total additional memory
cost would be 12n. Such extra cost is acceptable for 2D cases, but become prohibitive
for very large or 3D images. Actually, we could avoid the extra-memory used for the
storage of appear and vanish as the information they provide could be computed on the
fly in each algorithm. Nevertheless, for the purpose of clarification, we have chosen to
compute these information one for all to avoid code redoundancy in the algorithms we
have proposed.
c.4.3

Saliency Map

The computation of extinction-based saliency map given in appendix C.3.3 and depicted
in algorithm 20 also relies on the two temporary images appear and vanish. Suppose
that we have the extinction values E for all the local minima. In the same way as the
computation of extremal information along the contour, for each 1-face e, we have to
propagate from appear (e) to vanish(e). The worst time complexity would be O(nh). The
computation of extinction values E relies on a Max-tree computation process, which is
quasi-linear. The auxiliary memory cost would be 12n (4n for each temporary image
appear, vanish, and is_boundary). Yet, the remark about the memory usage given in
appendix C.4.2 holds for this complexity analysis.
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c.5

conclusion

In this paper, we have pesented several algorithms related to some applications using treebased image representations. First of all, we have shown how to incrementally compute
information on region, contour, and context which forms the basis of many widely used
attribute functions. Then we have proposed an algorithm in order to compute extremal
information along the contour (required for some attribute functions, such as the number
of false alarms (NFA)), which requires few extra memory. Finally, we have depicted how
to compute extinction-based saliency maps from tree-based image representations. The
time complexity and the memory cost of these algorithms are also analyzed. To the best
of our knowledge, this is the first time that these algorithms (except for information
computed on region) are explicitly depicted, which allows reproducible research and
facilitates the development of some novel interesting attribute functions. In the future,
extension of these algorithms to 3D images will be studied. And we would like to study
some more attribute functions: learning attribute functions in particular would be one
interesting future work.
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