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Web page segmentation (WPS) aims to break a web page into different segments with coherent intra- and inter-semantics. By evidencing
the morpho-dispositional semantics of a web page, WPS has traditionally been used to demarcate informative from non-informative
content, but it has also evidenced its key role within the context of non-linear access to web information for visually impaired people.
For that purpose, a great deal of ad hoc solutions have been proposed that rely on visual, logical and/or text cues. However, such
methodologies highly depend on manually-tuned heuristics and are parameter-dependent. To overcome these drawbacks, principled
frameworks have been proposed that provide the theoretical bases to achieve optimal solutions. However, existing methodologies only
combine few discriminant features, and do not define strategies to automatically select the optimal number of segments. In this paper,
we present a multi-objective clustering technique called MCS that relies on 𝐾-means, in which (1) visual, logical and text cues are all
combined in a early fusion manner, and (2) an evolutionary process automatically discovers the optimal number of clusters (segments)
as well as the correct positioning of seeds. As such, our proposal is parameter-free, combines many different modalities, does not
depend on manually-tuned heuristics, and can be run on any web page without any constraint. An exhaustive evaluation over two
different tasks, where (1) the number of segments must be discovered or (2) the number of clusters is fixed with respect to the task
at hand, shows that MCS drastically improves over most competitive and up-to-date algorithms for a wide variety of external and
internal validation indices. In particular, results clearly evidence the impact of the visual and logical modalities towards segmentation
performance.
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forcement learning.
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1 INTRODUCTION

Over the past years, web content creation has become more sophisticated, multimedia and modular [81]. In particular,

content manager systems allow to place di�erent modules on a web page in a way that appears coherent to the user.

If carefully-placed, these modules cause most users to subconsciously segment the web page into coherent semantic

regions, each one serving a speci�c goal (e.g., topic distinction, functionality highlighting, advertisement information).

Web page segmentation (WPS) aims at automatically identifying these coherent semantic regions, and can be de�ned

as the process of breaking a large rendered web page into smaller regions, in which contents with coherent semantics are

kept together [12]. Since the layout and the visual style of a web page are designed to facilitate content understanding,

WPS should coincide with human's visual perceptive abilities and re�ect the semantic coherence of a web page content.

There are several applications of web page segmentation. A classical ones consists in demarcating informative from

non-informative content on a web page [15]. This (pre-)process has shown to improve the precision of web mining

tasks like duplicate detection [15, 43], query expansion [12], and indexation [1]. There is a variety of other applications

that bene�t from web page partitioning. For instance, annotations for web images are more precise if they are extracted

from the paragraphs the images belong to [11]. With proper segmentation, web pages designed for desktop screens

can automatically be reconstructed for mobile devices [8, 20]. Web page accessibility can also be improved by the

clari�cation of the document structure and clutter elimination [32, 47]. In information extraction, WPS may be used for

the identi�cation of data-intensive document sections [79] or individual data �elds [59]. Finally, non-linear skimming

strategies can be developed for visually impaired people by integrating WPS into a summarization pipeline [53].

Although WPS seems to be an easy task for humans, who unconsciously guess the outlines of a web page, automatically

measuring the semantic coherence between contents in a modular document is a di�cult quest. Indeed, the syntactic

structure of a web page is designed for presentation purposes but without a clear description of the semantic relations

holding between the di�erent modules. As a consequence, the challenge of WPS is to model the semantic links that exist

between the di�erent information contents in a web page by taking into account layout, style and content properties,

i.e. its morpho-dispositional semantics [55, 82, 83]. By modelling such multimodal semantics, partitioning strategies

can then be proposed to segment web pages.

A wide range of supervised and unsupervised strategies have been proposed to tackle WPS. Supervised learning

models have concentrated on delineating content from noise [77, 78, 80], eventually based on the �ndings of [18], who

distinguish �ve block types: header, footer, left side bar, right side bar, and main content. Other attempts have focused

on deciding whether some node elements in a graph-based web page representation should be considered as boundaries

or not [9, 15]. Such models obviously require a large set of manually segmented web pages to take into account the

wide spectrum of web design creativity. This certainly represents the main bottleneck of such methodologies. Indeed, it

is unlikely that they can be used in real-world open-domain situations due to low performance rates for unseen web

pages types.

To provide unrestricted web page segmentation, unsupervised strategies have been proposed [1, 4, 12, 15, 22, 37,

41, 43, 72, 84, 87]. Within this context, the most widely spread methodologies are based onad hocmodels, which

highly rely on manually-tuned heuristics and may depend on parameters that need to be experimentally tuned
Manuscript submitted to ACM
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Multimodal Web Page Segmentation Using Self-organized Multi-objective Clustering 3

[4, 12, 37, 43, 68, 72, 84, 87]. To avoid such drawbacks, theoretically-founded methodologies have been proposed that

either rely on graph-theoretic algorithms [15] or use classical clustering algorithms such as -means, hierarchical

agglomerative clustering and density-based clustering [1, 4]. Such principled solutions avoid the problem of de�ning a

coherent set of heuristics, limit the intensive trial-and-error e�ort to combine these multiple heuristics, and are more

likely to obtain global optima. Nevertheless, they usually cannot be executed at run-time, unless e�orts are made to

implement e�cient solutions for the used clustering algorithms [7, 31, 33, 71, 76]. Another bunch of studies have been

focusing on techniques borrowed from computer vision [22, 41]. Within this context, models to segment real-world

photos [16] or digitized documents [56] are adapted to WPS. Results evidence low performance [41] con�rming the

experiments of [3]. Moreover, such strategies can be slow at run-time [41].

Modelling the multimodal semantics that links di�erent web elements is the other pillar of WPS. For that purpose,

di�erent features have been studied. These can be classi�ed into three main categories: visual, text and logical cues.

Most methodologies rely on the DOM (Document Object Model) logical structure of the web page combined with the

visual properties of its rendered version [12, 37, 72, 84]. While visual cues have shown to be the most important features

[4, 12, 87], the DOM structure is helpful in a great deal of situations [37, 84], although it can be prone to errors due to

uncontrolled page creation [87]. The �rst representative work to tackle text properties is [43], which evaluates text

density as the only feature for WPS. As such, similarly to [37], it does not access to text semantics properties. This

research direction is further proposed by [1] and followed by [9] for the supervised learning paradigm1. Surprisingly,

although visual, logical and text properties have proven their discriminating power, only two studies have proposed to

combine them all, i.e. [9] for the supervised case and [37] for the unsupervised case. While [9] proposes an integrated

framework, where each cue is a feature for the learning process, [37] proposes anad hoctwo-step process, where

clustering is �rst performed on visual and logical cues, and �nal clustering relies on text density similarly to [43].

In this paper, we propose to tackle WPS in a principled manner (as opposed toad hocstrategies) by integrating visual,

logical and text semantic properties (as opposed to text density) into a unsupervised (as opposed to supervised) model. As

far as we know, this is the �rst attempt to formalize the problem of WPS with a well-known clustering algorithm, which

includes all logical, visual and textual cues. Compared to the related work, our Multi-objective Clustering Segmentation

(MCS) algorithm is parameter-free and does not depend on manually-tuned heuristics. As such, MCS is self-contained,

does not depend on parameter �ne-tuning, and can be run on any web page without any constraint. Moreover, it does

not rely on pre-existing training data sets, which are di�cult to build. The main contributions introduced in this paper

are as follows:

(i.) We propose an evolutionary multi-objective learning framework called MCS based on the -means algorithm

that automatically �nds the optimal number of clusters and correctly positions the initial seeds. For that purpose, an

early fusion strategy is de�ned to combine all modalities into a single distance metric and four objective functions

tackling individual modalities are concurrently optimized. A priority sorting strategy is then used to choose the best

solutions on the Pareto front;

(ii.) A distance metric is formalized that includes visual, logical and text semantics indicators, thus following an early-

fusion paradigm. For the visual cues, two indicators are taken into account: border-to-border distance and alignment

distance between visual elements (aka. bounding boxes)2. For the logical features, two di�erent distances are computed

1The paper mentions that text similarity is taken into account but this is not explained how. As such, the work is not reproducible and remains unclear
for many of its features.
2Some experiments have been made based on background color distances but they were not conclusive.
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based on the DOM structure: path length and logical dissimilarity (comparison of the common pre�xes of the xpaths)

between two bounding boxes. For text cues, text semantics is computed based on document embeddings [46];

(iii.) We propose the �rst attempt to deal with two distinct WPS tasks. On the one hand, we evaluate the performance

of MCS over the classical WPS task, where the number of clusters is variable, i.e. the gold standard contains web pages

segmented into di�erent numbers of clusters. On the other hand, we test our algorithm on the speci�c task of WPS for

non-visual skimming proposed by [3, 4]. Within this context, all web pages of the gold standard are segmented into

exactly �ve clusters. Such a segmentation is motivated by the �ndings of [18] as well as the human perception capacities

of concurrent speech [34, 38], combined with the Miller law [60]. Also, �xing the number of clusters can promote the

automatic generation of formal invariants related to classical types of web page organization. As such, blind users may

bene�t from a more stable support, which may facilitate non-visual navigation in a transposed modality. It is worth

noticing that the current work takes place within the TagThunder project3 funded by the French Bank of Investment

(BPI France)4 that aims to provide skimming capacities to visually impaired people. As illustrated in Figure 1, WPS is

one module of the overall architecture. As such, we show the versatility of MCS, which can easily adpat to di�erent

WPS situations unlike all other related works.

Fig. 1. Pipeline of the TagThunder project funded the French Bank of Investment. Image taken from [30].

(iiii.) We propose a strong evaluation setup compared to previous studies. In order to have a complete overview

of the obtained results, we compute eight external validation indices (including BCubed metrics such as� 13 [2]) and

four internal validation indices. We also compare performance results and statistical signi�cance with seven di�erent

baselines, including BCS [87], BOM [72], GE [4], and a set of alternative -means baseline algorithms. We also propose

two new implementations of the GE algorithm proposed by [4], that integrate a pre-clustering step based on the QT

algorithm [36], which coherently upgrades the ideas of [4]. The underlying idea of such a strong evaluation setup is to

propose the widest possible variety of evaluation metrics and comparable algorithms to better understand the impact of

the MCS algorithm in the �eld of WPS. Over two gold standard data sets of 51 web pages (one for the unconstrained task

and the other one for a segmentation into exactly 5 clusters), experimental results clearly show that MCS outperforms

all related works for most of the external validation indices with statistical signi�cance. Such results clearly evidence

3https://tagthunder.greyc.fr/
4https://tinyurl.com/9s2u2hvx
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Multimodal Web Page Segmentation Using Self-organized Multi-objective Clustering 5

the bene�ts of combining visual, logical and textual modalities within a theoretically-founded framework, capable of

dealing with di�erent WPS situations.

In the next section, a complete overview of the related work on unsupervised web page segmentation is provided.

In section 3, we present the problem formulation and describe the overall methodology. In section 4, we provide the

reader with the learning setups that have been used to perform the experiments. In section 5, we present quantitative

results for two distinct tasks, i.e., variable and �xed number of clusters in the gold standard data sets. Finally, we draw

some conclusions and provide future research directions in section 6.

2 RELATED WORK

A wide range of research studies have been proposed to solve web page segmentation. Methodologies greatly vary with

respect to (1) the learning strategy, (2) the processed data types, (3) the handled task, and (4) the evaluation procedures

as described in Table 1. In order to better assess the evolution of this �eld of research, we propose to review the main

related works5 in this section. Note that we only focus our attention on unsupervised methodologies, which can directly

be compared to our proposal.

Algorithms [12] [84] [15] [43] [1] [72] [87] [4] [37] [22] MCS

C
ue

s Visual X X X - X X X X X X X
Text - - X X - - - X - X

Logical X X X - X X - - X - X

M
et

ho
d TD vs. BU TD TD - - - TD BU BU - TD -

AH vs. TH AH AH TH AH TH AH AH AH AH AH TH
ON vs. OF ON ON OF ON OF ON ON ON ON OF OF
PD vs. PF PD PD PF PD PD PD PD PD PD PD PF

E
va

lu
at

io
n Manual X - - - - - - X - NA -

#EVI - 1 2 2 1 5 2 - 3 NA 8
#IVI - - - 3 1 1 - 5 - NA 4
#RW - 1 1 5 - 3 1 10 2 NA 7
ET 1 - 1 1 - - - - - NA -

Table 1. Topology of unsupervised WPS strategies by types of cues, learning methods and evaluation frameworks. Note that TD (resp.
BU) stands for Top-Down (resp. Bo�om-Up), AH (resp. TH) for Ad Hoc (resp. Theoretical), ON (resp. OF) for On-line (resp. O�-line)
clustering, PD (resp. PF) for Parameter-dependent (resp. Parameter-free) methodology, #EVI for the number of external valid indices
used in the evaluation framework, #IVI for the number of internal validation indices, #RW for the number of tested related works,
and ET for the number of tested external tasks. Note that NA stands for non available information.

2.1 Ad hocApproaches

Ad hocapproaches stand for algorithms, which rely on speci�c heuristics and do not �nd their basis in theoretically-

founded frameworks. Within this category, the VIsion-based Page Segmentation (VIPS) algorithm [12] is certainly one

of the most accomplished solution. Its goal is to extract the hierarchical semantic structure of a web page, in which each

node corresponds to a semantic coherent unit (aka. block). In particular, each node is assigned a value (calleddegree of

coherence- DoC) to indicate the consistency of the content of the block based on its visual perception. The structure

of the web page is obtained by combining the DOM structure and visual cues through three steps: block extraction,

separator detection and content structure construction. This process is applied recursively. So, the web page is �rst

segmented into several big blocks and the hierarchical structure of this level is recorded. For each big block, the same
5The reader can �nd a wide range of interesting references in [74] and [87].
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segmentation process is carried out until a su�cient number of small blocks is obtained whose DoC values are greater

than a pre-de�ned degree of coherence (PDoC). A manual evaluation over 600 web pages from popular sites listed in 14

main categories of Yahoo! directory showed that 93% of the web pages have their semantic content structures correctly

detected. An extrinsic evaluation is also performed for query expansion that clearly shows that the vision-based web

page content structure is very helpful to detect and �lter out noisy and irrelevant information.

According to [84], since the visual architecture of a web page is to facilitate understanding, it should coincide

with human's visual perceptive abilities and re�ect the semantic coherence of its contents. Starting from the Gestalt

theory, a psychological theory explaining human's perceptive processes, [84] developed a segmentation method (called

GESTALT), that is based on four laws: closure, similarity, simplicity, and proximity. A layout tree is built from the DOM

tree via a set of transformation hand-crafted rules to concisely describe the visual features of a web page. The closure

step groups design patterns that are widely-accepted by humans (e.g., the list pattern). Following the similarity law,

neighboring nodes under the same parent are grouped together if their similarity measure (based on the edit distance of

the decoration node) value exceeds 0.7. Simplicity (here regularity) aims at �nding repeated tree-like patterns that share

some similarity. Through a greedy search algorithm, these patterns are recursively grouped together under a common

parent. The proximity law stands for the separator detection process presented in [12], which aims to understand

the visual structure of the web pages in terms of borders. The segmentation algorithm is tested over 60 web pages (3

from 20 di�erent web sites) and evaluated based on Recall exclusively over a gold-standard data set6. GESTALT shows

improved results over VIPS when a large number of clusters are to be discovered. But VIPS evidences best results for a

small number of clusters as proximity plays the most important role in these conditions.

Unlike previous approaches, [43] presented the Block fusion (BF) algorithm, which can be de�ned as a purely

text-based approach, that focuses on text density. The methodology can be executed at run-time as it is very fast because

no complex document pre-processing is required. In particular, BF adopts the block growing strategy from image

processing, where the decision when to combine (or fuse) two adjacent blocks is made by comparing them with respect

to their text densities. Text density has the elegant property that no lexical or grammatical analysis is needed7. As such,

a proper wrapping width (i.e., the slope delta threshold) is supposed to serve as a discriminator between sentential text

(high density) and template text (low density). With respect to evaluation, the authors randomly picked 111 web pages

coming from 102 di�erent websites, and manually segmented them to create a gold-standard. Similarly to [15], they

quanti�ed the accuracy of the segmentation with two cluster correlation metrics: the Adjusted Rand Index (ARI), and

the Normalized Mutual Information (NMI). Results show that BF performs signi�cantly better than the graph-theoretic

algorithm GCUTS [15], but no comparison is given with respect to VIPS or GESTALT.

Another strong baseline is proposed by [72], which extends the concepts of segmentation used for digitized document

in the optical character recognition domain. In particular, they combine two popular approaches: the vision-based

and the geometric layout models. The segmentation process of a web page is divided into three phases: page analysis,

page understanding and page reconstruction. The page analysis phase consists in building a content structure from

the DOM tree with the322 algorithm. The page understanding procedure uses this content structure and maps it to a

logical structure via the22; algorithm, which depends on a granularity parameter?� . Finally, the page reconstruction

phase gathers the DOM, the322¹�$" º, and the22; ¹322¹�$" ºº structures into a single structure that represents the

segmented web page. To validate their study and compare it with di�erent approaches, the authors built a manually-

segmented test collection of 400 web pages crawled from dmoz.org Open Directory (25 web pages from 16 categories).

6Note that this is the �rst e�ort to build a gold-standard data set and provide automatic intrinsic evaluation.
7To the exception of tokenization.
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In a paper about evaluation [73], they showed that their algorithm called Block-O-Matic (BOM) steadily improves over

VIPS and BF for a set of speci�cally-tuned evaluation metrics, i.e. total correct segmentation, over-segmented blocks,

under-segmented blocks, missed blocks and false alarms.

To avoid the dependency of DOM structures that might be error-prone, [87] propose to exclusively focus on the visual

properties of a web page. For that purpose, they �rst use a rendering engine to get the smallest rendered elements (i.e.

bounding boxes) of a web page. Segmentation is then performed using the Box Clustering Segmentation (BCS) algorithm

that produces a �at set of segments of a given granularity. In particular, BCS is based on two di�erent similarity metrics.

The base similarity metric evaluates the visual similarity between two bounding boxes that are semi-aligned. Essentially,

the base similarity is the arithmetic mean of three metrics (geometric distance, shape similarity and color similarity).

The cluster similarity metric is used to express the similarity between two elements, where at least one of them is

a cluster. A model based on clusters' inner similarity indicators is used for this e�ect, that builds on the idea of the

degree of coherence in VIPS. Basically, the inner similarity is a mean value of base similarity that is calculated using the

bounding boxes within a cluster. As a prerequisite of this representation, the model derives the direct neighborhood of

each cluster from the direct neighborhoods of all the bounding boxes contained in that cluster. The idea behind BCS

is to �nd the most similar couples of bounding boxes and to select them for merging based on a clustering threshold

CT. With respect to evaluation, the authors created a speci�c data set that gathers 100 web pages of 8 di�erent types

from 5 news web sites. A semi-automatic approach was used to perform the annotation process. Results based on

external validation indices (namely, ARI and� score) show mitigated conclusions as the accuracy of VIPS is better

when processing structured pages, but BCS can provide better segmentations for less structured web pages.

Closely following the ideas of [87], [4] proposed the Guided Expansion (GE) algorithm for the speci�c task of

non-visual skimming. Within this context, the segmentation process is constrained such that a �xed number of clusters

should be discovered (here 5); the elements of a cluster should visually be connected; and all visual elements should

be clustered. Within this context, two di�erent strategies have been proposed. The �rst one aims at positioning the

initial seeds of the bottom-up approach based on a reading strategy. The initial 5 seeds are arranged along the diagonal

line of the web page, or along a F or Z line. These are called the D, F, and Z reading strategies. Once the seeds have

been positioned, the GE algorithm sequentially assigns a bounding box to a given seed whether (1) it is the closest

one in terms of border-to-border distance, or (2) it is aligned with it, or (3) it is the most visually similar in terms of

CSS8 properties. Note that once a bounding box is assigned to a seed, it becomes a cluster candidate. As such, when the

visual cues are computed between a bounding box and its cluster candidate, the metrics are calculated between the

bounding box and all the bounding boxes present in the cluster candidate. The second strategy combines anad hoc

density-like clustering algorithm [45] and the GE algorithm, and can be seen as two-step process. Here, the density-like

algorithm �rst de�nes a coarse-grained clustering based on a given threshold, which de�nes some neighborhood of

interest, and the GE assigns the remaining unclustered bounding boxes to their corresponding pre-discovered clusters.

The evaluation results based on three internal validation indices over a set of 150 web pages from 3 domains show that

GE is a good baseline, in particular if combined to the QT algorithm, when compared to a series of -means algorithms.

Note that they are the �rst authors to propose statistical tests to verify whether one algorithm is signi�cantly di�erent

from some other one.

[37] are the �rst to propose a web page segmentation method that combines logical, visual and text semantic

properties in a single model. For that purpose, they developed a two-stage methodology. First, a similarity model

8Cascading style sheets.
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measures the similarity between bounding boxes by taking into account both visual and logical features. A geometric

distance captures the distance between two bounding boxes, and the logical distance is the shortest path in the DOM

tree. Both metrics are then combined linearly with some empirically-tuned parameter9. Based on the (visual and logical)

similarity matrix of the web page contents, DBSCAN [28] is used to form big informative content blocks, and acts as a

pre-clustering step, similarly to [4]. DBSCAN is a density-based clustering algorithm, that groups together elements

that are closely packed together10, and marks outliers that lie alone in low-density regions. The second step of the

methodology consists in grouping together the pre-clusters that are positioned cohesively and show high textual density,

following the ideas of [43]. To investigate the e�ectiveness of their methodology, the authors proposed an experiment

on three data sets with respectively 70, 82 and 50 manually-segmented web pages over which they computed Precision,

Recall and ARI external validation indices. Results showed that their methodology steadily improves over VIPS and

BOM11, with statistical signi�cance.

2.2 Theoretically-Founded Approaches

Unlike Ad hocapproaches, some e�orts rely on well-established clustering algorithms, the challenge being to adequately

model the problem of WPS within theoretical frameworks. Within this context, [15] is the �rst approach to consider

the problem of automatically segmenting web pages in a principled manner. The segmentation problem is cast as a

minimization problem on a suitably de�ned weighted graph, whose nodes are the DOM tree nodes and the edge-weights

express the cost of placing the end points in same/di�erent segments. Based on logical and visual information, a

single objective function is de�ned such that its minimization should result in a good12 segmentation. Two concrete

instantiations of this problem are proposed, one based on correlation clustering and another one based on energy-

minimizing cuts in graphs. In particular, a supervised approach is de�ned to learn the edge-weights from manually

labeled data. Through an intrinsic evaluation over a manually segmented gold-standard of web pages and an extrinsic

empirical analysis for the speci�c task of duplicate web pages identi�cation, results show that the energy-minimizing

formulation (GCUTS) performs substantially better than the correlation clustering formulation. Comparatively to

heuristic-based approaches, GCUTS can not be run online as the search space is combinatorial13. Moreover, no evaluation

against heuristic-based solution is provided, that makes it hard to compare to state-of-the-art solutions. Finally, results

show that supervised learning of edge-weights gives better results than unsupervised clustering, thus introducing an

extra-step in the decision process, that might be repeated based on the collection at hand.

[1] test di�erent clustering techniques, namely partitioning clustering, agglomerative hierarchical clustering and

density-based clustering, over three distinct distance measures respectively based on DOM (logical), geometric (visual)

and semantic (text) properties. To capture the logical distance between two bounding boxes, a metric based on two

preconditions is de�ned: (1) adjacent sibling leaf nodes should have the same distances, and (2) the minimal distance of

leaves belonging to di�erent parents should be greater than the maximum distance of these leaves to their siblings.

To account for the visual properties, a border-to-border distance is de�ned between two bounding boxes. To evaluate

the textual semantic proximity14, the knowledge-based similarity metric proposed by [21] is used. As such, instead of

estimating a word-to-word lexical matching, the words of a bounding box are mapped to their corresponding concepts

9Note that this tuning is based on a training data set.
10Based on two parameters that need to be tuned.
11Note that they showed that BOM steadily outperforms VIPS over the three data sets
12As opposed to previous research, where di�erent segmentations can be obtained depending on the granularity parameter.
13Some heuristics are proposed by the authors to limit the size of the search space.
14As opposed to [43], which uses text density.
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in a knowledge base (here WordNet [61]) and a concept-to-concept accordance is computed between two atomic units.

With respect to clustering strategies, (1) the -medoid algorithm is tested for which the correct number of clusters is

givena priori, (2) the single-linkage algorithm is used for the agglomerative hierarchical clustering, for which the given

number of clusters is determined by cutting properly the dendogram, and (3) DBSCAN [28] is used as the reference for

the density-based clustering, for which two parameters are considered empirically15. The framework is evaluated over

a collection of 78 web documents from 8 di�erent categories of the Yahoo! directory, and clustering performance is

computed via the Dunn index for the internal and the rand statistics for the external validation indices. Unfortunately,

each distance measure is applied alone and no solution is given to automatically retrieve the correct number of clusters.

Moreover, results do not guarantee clear conclusions as the semantic property seems to play the most predominant

role for the internal evaluation, but the logical view is the most discriminant for the external evaluation. Finally, the

solution is language-dependent as measuring text semantic similarity requires the existence of external knowledge

bases, which are not available for the vast majority of languages.

More recently, [4] proposed to test di�erent versions of the -means algorithm [51] for the speci�c task of web

skimming for visually impaired people, where only 5 clusters must be discovered for any web page. Within this context,

they exclusively rely on the border-to-border distance to perform clustering, and de�ne a virtual bounding box for

the assignment step of the algorithm. This novel idea allows to avoid the usage of the -medoid as it is proposed by

[1], but also enables to test di�erent con�gurations of the -means. In particular, they propose to adapt the -means

algorithm by exchanging the distance metric by a force metric simulating gravity attraction. The underlying idea

was to test whether bigger blocks would attract (fuse with) smaller bounding boxes. The results based on the same

evaluation setups discussed previously show that theirad hocstrategy GE outperforms all -means versions. Moreover,

the introduction of the force metric leads to descreased results, mainly due to the strategy used to select the initial seeds.

2.3 Computer Vision Approaches

A di�erent research direction proposes to treat a web page as an image and use classical segmentation techniques

borrowed from the computer vision �eld to achieve web page segmentation. Within this scope, one of the early initiatives

is proposed by [22], which uses edge detection to �nd semantically signi�cant edges. The algorithm relies on the image

of the web page, and �rst calculates for each pixel the probability of a locally signi�cant edge, which is based on how

di�erent the horizontal or vertical image gradients at the pixel level are from those of the surrounding pixels. Then,

from these edge pixels, the algorithm composes horizontal and vertical line segments up to a maximum length ofC; .

The algorithm then starts a top-down process with the entire page as one segment, and recursively splits the segments

into two by choosing the vertical or horizontal line that is the most semantically signi�cant, i.e. that has the most and

clearest edge pixels. The algorithm stops if there are no semantically signi�cant lines in a segment, or if a split would

result in a segment with one side being less thanB<8= long.

[41] is certainly the most accomplished piece of work within this domain, by adapting two computer vision-based

algorithms to the task of WPS. In particular, they tuned the hybrid task cascade model [16] from the MMDetection

toolbox [17] by disabling the �ltering step that only identi�es segments containing real-world objects. No training step

was required for this model as it is pre-trained on MSCOCO [49], a huge set of pre-segmented photos. The authors

also adapted the convolutional neural network strategy proposed by [56], which is the state-of-the-art algorithm

in segmenting digitized newspaper pages. In particular, instead of determining the position of text through optical

15Through the rand statistics.
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character recognition, they used the positions of text nodes from the corresponding list of nodes that accompanies the

gold-standard data set. Note that this model is supervised and needs to be trained. Results over the Webis-Webseg-20

data set [40] that comprises 8,490 manually-segmented web pages showed that in terms of BCubed metrics [2], VIPS is

still a hard baseline to beat, and computer vision-based approaches can be e�cient only if the handled task requires

pixel-based segmentation (e.g. design mining). Note that the authors implemented an ensemble methodology combining

3 computer vision-based methods including [22], VIPS and HEPS [52]16. But results were unsatisfactory.

2.4 Originality of the Proposal

The current baselines to perform WPS are allad-hocsolutions that rely on hand-crafted rules and parameter tuning.

Their success is mainly due to the fact that these algorithms can be run online. However, such methodologies su�er

from di�erent drawbacks. First, as they rely on parameter tuning, di�erent segmentation granularities can be obtained

depending on the de�nition of the given parameter. For instance, VIPS depends on the PDoC parameter that de�nes

radically di�erent hierarchical structures depending on its value. As such, exploratory studies must be performed to

analyze, which value better suits the task at hand. Such a situation is clearly unsatisfactory as new research should be

endeavored whenever the task changes. Second, these strategies highly depend on a huge number ofad hochandcrafted

rules, which do not guarantee to �nd �optimal� solutions. Moreover, such algorithms may not easily scale up as any

modi�cation within the rules may be incoherent with initial decisions. Third, a side e�ect of parameter tuning is the

fact that many bounding boxes may end up unclustered. This situation was omnipresent for BOM and BCS during

our experiments. Overall, [37] is certainly the most interesting related work as it builds on most previous �ndings

of ad hocstrategies. Nevertheless, their solution relies on a set of 5 parameters that need to be tuned. The authors

explain that future work clearly needs to be endeavored as current tuning is based on hard-coded heuristics that rely

on human reading habits. Moreover, based on the tuned parameters, content elements are likely to remain unclustered.

Interestingly, the authors also support the de�nition of more sophisticated text semantic features as paragraphs with

similar subjects can be separated into di�erent blocks based on just text density.

Less e�orts have been focusing on proposing theoretically-founded frameworks, where WPS is de�ned through

well-established clustering algorithms. This situation is mainly due to two di�erent factors. First, principled strategies

are usually slow and can not be run online. Second, the adaptation of clustering algorithms to the task of WPS is not

straightforward. Indeed, problem formalization must carefully be de�ned to avoid non convergence issues. Nevertheless,

theoretical solutions (1) avoid the well-known problem of de�ning a coherent set of heuristics that may be e�cient

for a wide range of web page types, (2) limit the manually intensive trial and error e�ort to combine these multiple

heuristics, and (3) a�ord theoretical foundations that are more likely to obtain global minima as opposed toad hoc

methodologies that are inherently greedy, and may produce local minima. Within this context, previous works have not

tackled the task completely. First, they mainly rely on the combination of a subset of modalities. Second, they usually do

not provide theoretical solutions to automatically �nd the optimal number of segments, still relying on some threshold

to de�ne.

The other research direction that proposes to exclusively rely on the image-based segmentation of a web page

to perform WPS, has shown mitigated results. From the di�erent reported experiments, it becomes clear that VIPS

outperforms the overall best computer vision options, unless the downstream task requires pixel-based segmentation,

such as design mining [41]. In particular, [41] state in their conclusion that they �lay the foundation for the development

16A recursive rule-based approach that evidences very low results. As such, it is not presented in this paper.
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of new approaches that may improve over the long-standing, yet heretofore unknown champion, VIPS�. Thus, they

clearly evidence the long way to go to reach the levels of BOM that steadily outperforms VIPS, within a wide range of

studies. Moreover, best performing methodologies are supervised and need to be trained over gold standard data sets.

Indeed, if unsupervised methodologies like [22] are adopted, results are weak and they still rely on parameters to be

tuned.

In this paper, we propose the �rst model17 that combines visual, logical and text semantic cues in a single theoretical

framework. We call it Multi-objective Clustering Segmentation. In particular, we de�ne a single distance metric that

evaluates the visual, logical and semantic dissimilarity between two bounding boxes of a rendered web page. The

clustering process relies on the -means algorithm upon which a multi-objective optimization process automatically

�nds the �optimal� number of clusters and the �correct� positioning of the initial seeds based on concurrent maximiza-

tion/minimization of four objectives. As a consequence, we propose a parameter-free framework that produces di�erent

optimal solutions of �at clusters, where each content element belongs to a unique cluster (i.e., there are no outliers). In

order to investigate the e�ectiveness and the topology of MCS, we present the results of eight external and four internal

validation indices for two di�erent tasks: free web page segmentation (variable number of clusters) and constrained

web page segmentation (�xed number of clusters) as in [4]. Indeed, as expressed in [63], most clustering evaluation

metrics are biased towards a given speci�city, and the correct understanding of the clustering process can only be

achieved if a wide range of metrics are computed. Note that we present the �rst attempt to deal with two di�erent tasks

with the same theoretical framework. Finally, seven di�erent con�gurations of related works are compared with MCS,

namely BOM, BCS, GE (and its di�erent versions), and -means.

This piece of work is part of the TagThunder project [38] funded by the French Bank of Investment (BPI France)18,

which aims to provide �rst glance access to web pages in a non visual context (speci�cally visually impaired people).

For that purpose, di�erent modules are organized around the pipeline illustrated in Figure 1. From a given URL, the

SEMIOTIME tool �rst builds a unique �le that assigns to all bounding boxes its characteristics (e.g. xpath, coordinates,

122 CSS styles). Then, the cleaning tool processes the �le by removing all non-visual bounding boxes (e.g. script, hidden

elements, non displayed elements, null coordinates). The segmentation tool segments web pages into meaningful

clusters after strategically de�ning the data points, i.e. the last HTML element of block type in the DOM tree (see

Figure 7)19. Then, in each cluster, a set of relevant keywords are extracted that are further oralized by a text-to-speech

engine. Finally, keyword oral signals are organized in a 2D or 3D space to reproduce the �cocktail party e�ect� [10]. It is

important to notice that as we are following a theoretically-founded strategy to perform WPS, our solution can not be

run online. Nevertheless, this constraint is not required by the TagThunder project, as the adopted business model

relies on the o�ine pre-process of a given web domain. However, we are aware that this may be a hindrance to the

development of new applications including WPS strategies. To overcome this situation, di�erent research directions can

be followed. On the one hand, quantum-inspired strategies such as QMEA [42], AQMEA [7] or other alike strategies [58]

can be implemented. On the other hand, classical distributed architectures can also be implemented, which parallelize

the di�erent learning objectives [33]. New solutions over the cloud can also be tested [71]. Nevertheless, this remains

out of the scope of this paper. Finally, the only constraint imposed by the TagThunder project is to work on real-world

web pages written in French. A such, our developments have exclusively targeted the French language, although

17As far as we know.
18https://www.bpifrance.fr/
19For reading purposes, these last block elements are named bounding boxes or visual elements.
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all presented methodologies can easily adapt to any language as no speci�c resource outside easy-to-get document

embeddings [46] are needed.

3 MULTI-OBJECTIVE CLUSTERING SEGMENTATION (MCS)

Web page segmentation can be seen as a clustering problem, where bounding boxes should be structured coherently.

Such clustering should satisfy two speci�cs as mentioned in [4]: (1) the elements of a cluster should be visually connected,

and (2) all bounding boxes must be clustered (i.e., clustering is complete). For that purpose, di�erent principled strategies

[1, 4, 15] have been proposed. In [15], the segmentation process is presented as a minimization problem of a unique

objective over a weighted graph. This framework allows the automatic �nding of an �optimal� number of clusters, but it

must rely on a supervised setting to simulate human-like segmentation as a huge number of clusters may be discovered

in the unsupervised set up. [1] proposed di�erent experiments based on -means, agglomerative hierarchical clustering

and density-based clustering (DBSCAN [28]).  -means [50, 51] is a well-known algorithm, which particularly suits

the task of web page segmentation [4], but the number of must be �xeda priori. Hierarchical clustering provides a

tree structure instead of a �at set of clusters. As such, extra steps must be processed to de�ne an �optimal� number

of clusters, and such task is still an open question [39, 88]. Density-based clustering [28] has received some speci�c

attention within WPS [37] as it can be tuned to simulate human-like processing based on its two parameters. However,

such a process is task-dependent as di�erent parameter values might be necessary for di�erent web pages. Moreover,

bounding boxes may remain unclustered [37], thus breaking the second principle mentioned above.

In order to overcome most drawbacks evidenced by previous theoretically-based approaches, we propose to build on

the recent �ndings of [70] on  -means-based multi-objective clustering. As evidenced in [1, 4],  -means is a suitable

algorithm for WPS as it provides a �at set of clusters, where no bounding box remains unclustered. The two well-know

limitations of  -means are: (1) must be �xeda priori (although it is usually not known in advance) and (2) the

positioning of the seeds is random (which implies that results may depend on correct initialization). To deal with the

�rst issue, traditional solutions [26, 64] require  -means to be executed multiple times with various values of . The

quality of the di�erent partitionings is then measured with respect to some cluster validity index and the partitioning,

which corresponds to the optimal value is selected. To deal with the second issue, alternatives to -means such as

 -means++ [6] and Global -means [48] have been proposed that select speci�c positions of the initial seeds. Within

 -means++, seeds are selected such as they maximize their inter-distance, while this is done incrementally adding one

seed at a time for the Global -means. Multi-objective methods [66, 70] propose an alternative to deal with both issues

in a single framework following an evolutionary paradigm.

Existing traditional clustering techniques implicitly optimize an internal objective function, which may measure

compactness, spatial separation, connectivity, density or symmetry between clusters. But in real-world situations, all

these properties may not be captured using a single objective function. This is particularly true for WPS, where clusters

should evidence di�erent speci�cs depending on the viewpoint: visual, textual or logical. As such, the application

of multi-objective optimization techniques that maximize/minimize di�erent cluster validity indices has appeared

to be a promising alternative [35, 69, 70]. In this paper, we propose a framework, which combines self-organizing

maps (SOM) with a multi-objective di�erential evolution approach. This parameter-free -means-based approach can

automatically determine the number of clusters and consequently the optimal positioning of the seeds. For that purpose,

a center-based encoding is used, where a set of cluster centers are encoded in the form of a chromosome. As such, both

the number of clusters and the positionings of the seeds go through an evolutionary process that must maximize the

overall quality of the subsequent partitioning based on concurrent objectives. Comparatively to existing strategies, the
Manuscript submitted to ACM
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number of varies within a given range and the computation of the �optimal� number of clusters is based not only

on a single objective function but on a set of objectives, which produce a set of �optimal� solutions on a Pareto front.

Also, the evolutionary process allows to explore the search space of possible seeds positionings more exhaustively than

 -meanş¸ and Global -means, thus maximizing the discovery of the globally optimal solution.

Comparatively to [70], where a document clustering solution in a unique continuous representation space is

proposed, our Multi-objective Clustering Segmentation (MCS) algorithm must combine a set of discrete and continuous

representations depending on the viewpoint (visual, textual or logical). As such, it can be seen as a multi-criteria

clustering algorithm, where di�erent objectives are simultaneously optimized. Moreover, di�erent strategies are

employed in terms of o�spring reproduction. Firstly, we propose a speci�c pruning strategy based on SOM to ensure

the diversity of the new population to be reproduced. As such, it is expected that the search space is more widely

explored. Second, with respect to crossover, we de�ne a methodology to reduce the neighborhood distance between

chromosomes in the SOM from iteration to iteration so that convergence is boosted. Finally, no mutation is performed

due to the problem representations constraints.

In the remainder of this section, we �rst set the problem formulation. Then, we brie�y explain the di�erent processing

steps of MCS. Finally, we go into details about each step of the multi-view multi-objective clustering algorithm.

3.1 Problem Formulation

A web page is interpreted as an information set comprising of HTML elements, each one with its own set of attributes.

These enriched HTML elements, rendered by a browser engine into bounding boxes20 which form the leaves of the

DOM structure, correspond to visual rectangle boxes. Each bbox has various attributes including but not limited to

pixel coordinates, textual content, DOM path, and background color, which can be used as valuable cues to discover the

inner layout structure of a web page. So, the task of web page segmentation can be formalized as follows.

� Given:

� A web page withN1 number of bboxesW = 11•12• ”””•1N 1 each one with its own textual, visual and logical

features

� A set ofN 5 objective functionsF = � 0• �1• ”””• �N 5 where each� 8 evaluates how much the assignment of

bboxes to a set of segments/clusters is optimized21

� A range» <8=”” <0G ¼for the N s number of segments/clusters to be discovered, i.e., <8= � N s �  <0G

� Find:

� An assignmentA = � 0• � 1• ”””• �N B of the N1 bboxes such that

� 8� 8 2 A , � 8 = f18
1•18

2• ”””•18) 8
g•j� 8j ¡ 0 (no cluster is empty)

�
N sÐ

8=1
� 8 = W and

N sÑ

8=1
� 8 = ? (hard and complete clustering)

� which simultaneously optimizes all objective functions inF , i.e.A belongs to a Pareto optimal front.

3.2 Overall Evolutionary Framework

Given that there is no deterministic way to determine the �optimal� number of clusters within the classical -means

algorithm, we adopt an evolutionary multi-objective optimization paradigm to explore the solution space (both in terms

20Referred to as bbox(es) in the remainder of this paper.
21Minimized or maximized, depending on the function.
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of the number of clusters and the consequent positioning of the initial seeds). The overall process to clusterN1 bboxes

into NB segments based on the multi-objective version of -means is detailed in Algorithm 1.

The Multi-objective Clustering Segmentation (MCS) algorithm starts by creating a random population of assign-

ments, where each assignment consists of a set of random cluster centers whose size varies within a given range,

i.e., <8= � N s �  <0G . Within the evolutionary framework, a chromosome represents a given assignmentA (and

vice-versa), i.e. a set of cluster centers. A speci�c instanciation of the -means algorithm22 is then executed on each

assignment/chromosome. Each chromosome is then evaluated by a set ofN f objective functions, where each one

focuses on a speci�c viewpoint. A set of chromosomes is then selected based on the non-dominated sorting genetic

algorithm (NSGA-II) [24] to take part in the o�spring reproduction. Before reproduction proceeds, a self organizing

map is trained to create a topographical map such that solutions which are similar in nature map to neurons next to

each other, thus creating families of assignments. The SOM is used to prune the set of assignments in order to maintain

an equilibrium in population size, while keeping a certain degree of diversity. The eventually-pruned selected set of

assignments is chosen to run crossover, such that a new population is obtained. While the number of iterations is not

reached, the new population is appended to the old population, and the evolutionary process repeats. Once the iterative

process stops, a set of Pareto-optimal solutions is obtained and a single solution is chosen using priority sorting. The

overall work�ow is de�ned in Algorithm 1.

Algorithm 1: Multi-Objective Clustering Segmentation (MCS)

#  random population of chromosomes {A 1, A 2, ...,A j# j };
(  ; , selected population to reproduce;
"0G  maximum number of iterations;
!8<8C soft limit for population pruning;
while iteration number� "0G do

Apply  -means on eachA 8 of # ;
Calculate objective functions inF over eachA 8 of # ;
Merge# with ( ;
�  At least top j# j selected solutions based on non-dominated sorting;
Train SOM to group� into families;
if j� j ¡ !8<8Cthen

(  population in� pruned using neighborhood feature of SOM;
else

(  �
end
#  new population obtained from crossover operation on( using neighborhood feature of SOM;

end
Select best solution using priority sorting over the Pareto optimal front.

3.3 Chromosome Representation and Population Initialization

A chromosome encodes a set of di�erent cluster centers, i.e., a possible assignmentA . As MCS attempts to determine

the optimal set of cluster centers that can partition a web page appropriately, the number of cluster centers encoded in

di�erent chromosomes varies over the range, <8= � N s �  <0G . For instance, to generate the8th solution of the

overall population, a random number ( 8) is selected between <8= and <0G , and these 8 number of initial cluster

22A speci�c distance metric is de�ned as well as speci�c update and assignment operators. These will be further explained in the paper.
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centers are chosen randomly from the set of all bboxes contained in the web page. Note that lengths of input vectors

(chromosomes) are kept equal, and therefore, variable length solutions are converted to some �xed length vectors by

appending zeros at the end.

This set of chromosomes each one with a varying number of clusters forms the initial population# . In order to

obtain a partitioning corresponding to a solution in the population, the update and assignment steps of -means [50, 51]

are executed on the whole data set considering the cluster centers encoded in the solution as initial cluster centers23.

The discrete and continuous de�nition of the multi-criteria WPS problem explained in section 3 leads to the de�nition

of a speci�c instanciation of -means with proper update and assignment operators, which are de�ned in the following

section.

3.4 Assign and Update Steps of K-Means

 -means clustering �rst assigns observations to cluster centers (assign step) and updates the cluster centers based upon

the observations assigned to the respective clusters by using some form of an average (update step). Conventionally,

the observations and the updated cluster centers belong to the same representation space. But in the current scenario,

owing to the heterogeneous discrete and continuous attributes of bboxes, this can not be the case.

With respect to the assignment step, di�erent metrics must be de�ned to take into account the di�erent viewpoints

(visual, logical and textual) in terms of distances between bboxes and cluster centers. This issue is detailed in section

3.4.2.

As for the update step, simple averaging may lead to illogical attributes (e.g., when coordinates are averaged, the

sense of alignment is lost), and thus the concept of virtual bbox must be introduced. As the atomic units for WPS are

bboxes, calculating the centroid of a cluster of bboxes should also be a bbox. However, such average bbox does not exist

in the real data set. As such, we must conceptualize it. This is the virtual bbox. This issue is detailed in the following

section 3.4.1.

3.4.1 Update Step.A virtual bboxE: is de�ned by its pixel coordinates (top-left as¹G1•~1º and bottom-right¹G2•~2º),

the set of bboxes that were assigned to it during clustering, and the continuous vector summarizing the textual contents

of the bboxes assigned to it. Note that at initialization, each virtual bbox is one bbox of the web page. Then, at each

iteration, the bboxes are assigned to virtual bboxes that are virtually conceptualized.

Let be a set of bboxes assigned to a virtual bboxE: during theCC� iteration of  -means. Then, the coordinates ofE:

for the next ¹C¸ 1ºC� iteration are the average of the coordinates of the assigned bboxes (only top-left and bottom-right

are taken into account). Since all bboxes are rectangular, the coordinates formed by taking the average of the assigned

bboxes also form a rectangle. Thus, virtual bboxes are rectangular. The continuous text vector of a virtual bbox for

the next iteration is formed by the concatenation of all the textual contents of the contained bboxes. This text is then

transformed into a continuous space using Doc2vec [46].

In summary, at each iteration of -means, the update step consists of building the virtual bbox by averaging the

top-left and bottom-right coordinates over all bboxes allocated to it at the assign step, and then computing its continuous

representation using the Doc2vec framework24.

23Note that by taking a bbox as a cluster center, we are more considering the problem as a -medoid strategy. However, in the following steps, virtual
centers will be computed, so that we prefer to keep the mention of the -means.
24https://radimrehurek.com/gensim/models/doc2vec.html
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3.4.2 Assign Step.Once we have described the update step of the adapted -means, we provide all the details of the

assign step, which aim to allocate bboxes to a given virtual bbox at each iteration of the algorithm. In particular, we

de�ne three di�erent families of distances (visual, logical and textual), as dissimilarities between virtual bboxes and

bboxes. These can be evaluated using di�erent viewpoints.

Visual Distances

Border-to-Border Distance: Similar to [4], we use border-to-border distance113as a measure of the geometrical

distance between two rectangular bboxes. As the name suggests, border-to-border distance gives the closest distance

between two bboxes, as illustrated in Figure 2. Since virtual bboxes (and bboxes) are rectangular in shape, the afore-

mentioned distance is applicable to calculate border-to-border distance between a bbox18 and a virtual bboxE: , and it

is noted as113:
8 . Let ¹G1•~1º and ¹G2•~2º be the respective top-left and bottom-right coordinates of the bbox18, and

¹G0
1•~0

1º and ¹G0
2•~0

2º be the respective top-left and bottom-right coordinates of the virtual bboxE: , 113:
8 be calculated

as in Equation 1. Note that all distances are then normalized using min-max normalization.

113:
8 =

8>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>
:

0

(
¹ ¹G0

1 � G1 � G0
2º _ ¹G0

1 � G2 � G0
2º _ ¹G1 � G0

1 � G0
2 � G2ºº^

¹ ¹~0
1 � ~1 � ~0

2º _ ¹~0
1 � ~1 � ~0

2º _ ¹~1 � ~0
1 � ~0

2 � ~2ºº
q

¹G0
1 � G2º2 ¸ ¹ ~0

1 � ~2º2
n

¹G2 � G0
1º ^ ¹ ~2 � ~0

1º

~0
1 � ~2

(
¹ ¹G0

1 � G1 � G0
2º _ ¹G0

1 � G2 � G0
2º _ ¹G1 � G0

1 � G0
2 � G2ºº^

¹~2 � ~0
1º

q
¹G1 � G0

2º2 ¸ ¹ ~0
1 � ~2º2

n
¹G0

2 � G1º ^ ¹ ~2 � ~0
1º

G1 � G0
2

(
¹G0

2 � G1º^

¹ ¹~0
1 � ~1 � ~0

2º _ ¹~0
1 � ~2 � ~0

2º _ ¹~1 � ~0
1 � ~0

2 � ~2ºº
q

¹G1 � G0
2º2 ¸ ¹ ~1 � ~0

2º2
n

¹G0
2 � G1º ^ ¹ ~0

2 � ~1º

~1 � ~0
2

(
¹ ¹G0

1 � G1 � G0
2º _ ¹G0

1 � G2 � G0
2º _ ¹G1 � G0

1 � G0
2 � G2ºº^

¹~0
2 � ~1º

q
¹G0

1 � G2º2 ¸ ¹ ~1 � ~0
2º2

n
¹G2 � G0

1º ^ ¹ ~0
2 � ~1º

G0
1 � G2

(
¹G2 � G0

1º^

¹ ¹~0
1 � ~1 � ~0

2º _ ¹~0
1 � ~2 � ~0

2º _ ¹~1 � ~0
1 � ~0

2 � ~2ºº

(1)

Fig. 2. Border-to-border distance (red) vs center-to-center distance (blue).
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Alignment Distance: It has been shown that aligned parts of a web page share similar layout structures, which can

be used as a valuable cue for WPS [4, 12, 84]. But alignment is a qualitative aspect that we need to quantify in order to

�t to the  -means de�nition, the underlying idea being to de�ne a distance metric in terms of alignment between two

bboxes (either real or virtual).

Two bboxes are said to be aligned if their horizontal or vertical margin lines coincide. In particular, due to possible

rendering errors or web page construction mistakes, we a�ord an error margin of 5 pixels25. For the iterationC¸ 1, the

alignment distance0;3:
8 between a bbox18 and a virtual bboxE: is given in Equation 2, where1139

8 is the border-to-

border distance between bboxes18 and19, �B�;86=43¹18•19º equals to1 if 18 and19 are aligned and0 otherwise, and� C
:

is the set of bboxes assigned to the virtual bboxE: at iterationC.

0;3:
8 = 1 � max

19n� C
: •9<8

�
�B�;86=43¹18•19º

1139
8 ¸ 1

�
(2)

It is important to remark that the alignment distance0;3:
8 increases the tendency for aligned bboxes that are nearby

to have higher alignment scores, and hence lower alignment distances for further bboxes, thus facilitating them to be in

the same cluster. In other words,0;3:
8 stands for the geometrically closest bbox aligned with the virtual bboxE: as

illustrated in Figure 3. Note that all distances are normalized using min-max normalization to fairly be included in a

global distance.

Fig. 3. Significance of alignment distance. Alignment distance is shorter between the blue bbox and the red one on its le�, than with
all the other red bboxes. Note that39 stands for1139

8 , where8is the blue bbox and9are all possible other bboxes.

25This value has been set experimentally based on the used data sets. Note that the overall strategy does not depend on this parameter, which can
eventually be set by default to 0.
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Logical Distances

DOM Path Distance: Two similar bboxes can be disaligned or visually separated because of irrelevant contents26,

but may be close in the DOM tree structure. This situation may occur when there is an image element between two

regions of text or when there is an advertisement in a section, for instance. So, following the ideas of [37], we use the

xpath distance to measure the dissimilarity between the two bboxes in the logical DOM structure. Let;8 (resp.;9) be the

length of the xpath of bbox18 (resp.19), i.e., the level or depth of the last element in the DOM tree structure of the bbox,

and;8 9be the length of the common pre�x in the xpaths of both bboxes,18 and19, i.e., the level or depth of the lowest

common ancestor in the DOM tree structure (an example is given in Figure 4). The path distance?0C��8BC98 between

bboxes18 and19 is de�ned in Equation 3.

?0C��8BC98 = ;8 ¸ ;9 � 2;8 9¸ 1 (3)

With respect to the DOM path distance between a bbox18 and a virtual bboxE: , we de�ne the?3:
8 distance metric.

At iteration Ç 1, ?3:
8 is given by Equation 4, where� C

: is the set of bboxes assigned to the virtual bboxE: at iterationC.

Note that all distances are normalized using min-max normalization, minimum and maximum being calculated for each

web page. These are notedd?0C��8BC98e.

?3:
8 = min

19n� C
: •9<8

d?0C��8BC98e (4)

Fig. 4. An example of DOM path distance.

26Other reasons can be the cause.
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DOM XPath Distance: Web pages may have nested complex DOM structures repeating multiple times. This is

particularly the case for e-commerce web pages, where an image-text-button structure repeats itself multiple times.

These bboxes though dissimilar in content are similar in intent, and we intend to leverage the similarity in structure

using the xpath. Our purpose is illustrated with an example in Figure 5. The xpath similarity scoreG?(8<9
8 between

two bboxes,18 and19, is de�ned in Equation 5, where
�!
18 (resp.

�!
19) are the xpath vectors of18 and19.

G?(8<9
8 =

<8=¹ j
�!
18 j•j

�!
19 jºÕ

A=1

1�!
1A

8=
�!
1A

9
(5)

With respect to the xpath distance between a bbox18 and a virtual bboxE1 at iterationC¸ 1, we de�ne the distance

G?3:8 as in Equation 6, where� C
: is the set of bboxes assigned to the virtual bboxE: at iterationC. Note thatdG?(8<9

8eis

the normalized value of similarity using min-max normalization.

G?3:8 = 1 � max
19n� C

: •9<8
dG?(8<9

8e (6)

Fig. 5. An example of DOM xpath distance.

Textual Distance

A bbox may contain textual information and it can be interesting to measure the similarity between two di�erent

bboxes in terms of semantic content. Indeed, it is likely that words such ascart, registerandsign inmay refer to a

single menu section. Recently, there have been a wide variety of methodologies to represent texts as continuous feature

vectors, i.e., in some latent space [14, 46, 57]. Within this context, texts are represented as numerical vectors that can

easily be compared. In the present work, we propose to use Doc2vec [46], but any related methodology could be used.
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The textual content of a virtual bboxE: can be de�ned as the sum of the textual contents of all its allocated bboxes

in the previous iteration of the -means algorithm. This content is then encoded by the Doc2vec framework as a

numerical vector noted
��!
ECGC
: . Similarly, a text continuous vector can be obtained for each bbox using the same Doc2vec

procedure. Let this vector obtained for bbox18, be
��!
1CGC

8 . Thus, the normalized textual distanceCG3:8 between a virtual

bbox,E: , and a given bbox,18, is calculated based on the cosine similarity measure, which is typically used for text

similarity, and de�ned in Equation 7.

CG3:8 =

1 �
���!
ECGC
: �

���!
1CGC

8

j j
���!
ECGC
: j j”j j

���!
1CGC

8 j j

2
(7)

Combining Multiple Distances and De�ning the Assign Function

The distance between a virtual bboxE: and a given bbox18 can be evaluated from di�erent viewpoints (visual, logical

and textual), as illustrated in this section. However, in order to comply with the de�nition of the -means algorithm, a

unique distance metric must be de�ned27. This distance noted38BC:8 is straightforwardly de�ned in Equation 8.

38BC:8 =
1
3

 
¹113:

8 ¸ 0;3:
8 º

2
¸

¹?3:
8 ¸ G?3:8 º

2
¸ CG3:8

!

(8)

Based on38BC:8 , the assign function of the adapted -means can easily be de�ned as in Equation 9, where a bbox18 is

assigned to the cluster center1< (at initialization), or the virtual bboxE< if < is the closest center from all possible

centers,1: (at initialization) orE: .

< = min
:

38BC:8 (9)

The assign step of bboxes to virtual bboxes and the update step of virtual bboxes are repeated till convergence is

obtained, and thus a grouping of bboxes into segments is obtained.

3.5 Objective Functions

To measure the correctness and magnitude of preference of a chromosome, various objective functions may be employed.

The particularity of the multi-objective framework lies in the fact that it simultaneously optimizes di�erent objective

functions that may tackle di�erent characteristics of a given assignment. This particularly suits the problem of WPS

as partitionings can be evaluated in terms of visual, logical and textual features. Within this context, we de�ne four

objective functions. The Davies-Bouldin index [23] is used to de�ne geometric and textual objectives, the Silhouette

index [67] allows the de�nition of an alignment objective, and a heuristically-based objective function is de�ned to

evaluate the proportion of logical cuts provided by a given assignment, i.e., the tendency of a given solution to cut

logical HTML sequence structures such as listsŸli ¡ for instance, as suggested in [4].

3.5.1 Davies-Bouldin Index.The Davies-Bouldin index (�� ) is a measure of compactness and separation of a given

partition. �� is de�ned in Equation 10 for a partition of clusters, which conditions constrain it to be symmetric and

non-negative.�� is de�ned as a function of the ratio of the within cluster scatter, to the between cluster separation. As

27The study of multi-view -means [13] can be an interesting research direction for future work.
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a consequence, a lower value means that better clustering. In fact,�� is the average of the maximum ratio between the

intra-cluster similarities( 8 and( 9, and the inter-cluster distance" 8 9.

�� =
1
 

 Õ

8=1

� 8 (10)

where

� 8 = max
8<9

' 1•9

' 8•9=
( 8 ¸ ( 9

" 8 9

( 8 is a measure of scatter within the8C� cluster

" 8 9is a measure of separation between the8C� and 9C� clusters

3.5.2 DB-Border: Geometric Objective.We use the�� index to de�ne the �rst geometric objective based on the

border-to-border distance. Indeed, as previously mentioned in section 3, the elements of a cluster should be visually

connected. Within this context, we de�ne in Equation 11 the scatter function( 11
: for the : C� cluster, whose bbox

elements are11•12• ”””•1) : and its virtual bbox is represented asE: .

( 11
: =

 
1
) 8

) :Õ

8=1

¹1138
: º2

! 1•2

(11)

The separation function," 11
8 9, between two clusters,� 8 and� 9, is de�ned in Equation 12 as the border-to-border

distance between their two virtual bboxes,E8 andE9.

" 11
8 9 = " 11

98 = 1139
8 (12)

Note that this visual objective is required to be minimized during the evolutionary process to guarantee maximum

visual connectivity between bboxes.

3.5.3 DB-Text: Textual Objective.Similar to the geometric objective, we use the�� index to de�ne the textual objective

in order to evaluate the overall semantic compactness and separation of a given partition. The underlying idea, is

that clusters should demonstrate high inner coherence, and low outer consistency. Within this context, we make the

assumption that the layout structure is closely related to the semantic content.

So, in Equation 13, we de�ne the scatter similarity function( CGC
: for the : C� cluster, whose elements' text vectors are

represented as1CGC
1 •1CGC

2 • ”””•1CGC
) :

and its virtual bbox's text vector asECGC
: .

( CGC
: =

 
1

) :

) :Õ

8=1

¹CG38: º2

! 1•2

(13)

The separation function" CGC
8 9 between two clusters� 8 and� 9 is de�ned as the textual distance between their two

virtual bboxes, whose semantic vectors areECGC
8 andECGC

9 . This situation is presented in Equation 14.

" CGC
8 9 = " CGC

98 = CG398 (14)
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Note that this semantic objective is required to be minimized during the evolutionary process to guarantee maximum

semantic coherence of a given assignment.

3.5.4 SIA: Alignment Objective.It has long been shown that alignment plays a major role in WPS [4, 12, 72, 84]. As a

consequence, an optimal partition should guarantee the maximum proportion of aligned bboxes within clusters, while

evidencing a minimum percentage of aligned bboxes between clusters. To measure this phenomenon, we propose to

build on the Silhouette index [67].

Alignment is a pairwise metric. As a consequence, we propose to use an objective function that facilitates the

quanti�cation of alignments in a pairwise fashion, in contrast to the�� index, which uses an average metric to

summarize cluster separateness and compactness. The Silhouette index is a good candidate for that purpose, as it may

compare, how good it is for a bbox to belong to a cluster as compared to the next best cluster.

For each bbox18 assigned to cluster� ? with its virtual bbox E? , and any other cluster� : with its virtual bbox E: , let

88 =
Õ

92E? •8<9

118 is aligned19

48 = max
: <?

Õ

92E:

118 is aligned19

=8 =
Õ

92E: •: <?

118 is aligned19 ¸ 88

B808 =
88 � 48

maxf=8 � 88•=8 � 48g
then, the Silhouette alignment index(�� is de�ned as in Equation 15, whereN1 is the number of bboxes in a web page.

(�� =
1

N1

N 1Õ

8=1

B808 (15)

Note that this alignment objective will have to be maximized during the evolutionary process to guarantee maximum

inner alignment and minimum outer alignment of a given assignment.

3.5.5 CUTS: Number of Logical Cuts.In [4], authors proposed a new internal validation index. Based on manual

evaluation, di�erent experts evaluated negatively clustering results when logical constraints were broken, embodied by

speci�c HTML tag sequences such asŸli ¡ Ÿ ul¡ items,Ÿtitle¡ and the following paragraphŸp¡ , Ÿheader¡ , Ÿfooter¡

or Ÿnav¡ elements. As building logical objective functions based on the two previously de�ned distances,?3:
8 and

G?3:8 would result in erroneous indices due to their inner de�nitions, we propose to follow the same idea of [4] to take

into account the logical viewpoint of a given assignment.

So, each time, one of these logical constraints is broken, this counts for one cut, and each web page is evaluated

based on its overall number of cuts, the lesser, the better. As a consequence, this logical objective should obviously be

minimized to guarantee adequate clustering. Note that we used the code provided by the authors of [4] to compute this

objective function.

3.6 Non-Dominated Sorting and Pruning of Population

Once the adapted -means has been run on the di�erent chromosomes of the population, and each solution has been

evaluated in terms of four di�erent objective functions, the following step of the evolutionary process consists of
Manuscript submitted to ACM
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selecting the best individuals for the o�spring reproduction. This step combines non-dominated sorting and population

pruning based on self organizing maps.

Non-dominated sorting: Each chromosome has its own list of four objective values and non-dominated sorting

is used to select the best solutions to reproduce over a set of Pareto-optimal fronts. For that purpose, we follow the

same strategy as [70] and use the non-dominated sorting genetic algorithm (NSGA-II) [24]. In particular, NSGA-II sorts

the solutions based on the concepts of domination and non-domination relationships in the objective functional space.

For that purpose, it divides the solutions into a set of ordered fronts, each front containing a set of non-dominated

solutions.j� j top-ranked solutions are then selected from these fronts to take part in the o�spring reproduction. In

order to control the population size, if the number of selected chromosomesj� j exceeds a pre-de�ned(>5 C-!8<8C, self

organizing maps are employed to prune the population to a�0A3-!8<8C.

Self organizing maps: Kohonen maps or self-organizing maps [44] are used to categorize the set of pre-selected

solutions� into families in an unsupervised manner. SOM consists of nodesD(aka. map units) organized as a 2D grid,

with each node occupying �xed cartesian coordinates,I D = ¹I D
1• ID2º.

Within the context of our work, each node in the SOM is structurally similar to a chromosome, each with a set of

 <0G virtual bboxes. Each virtual bbox of a given SOM map unit is made of the coordinates of the bbox and its content

text vector. Note that contrarily to [70], each node is initialized with random positive real values.

Each chromosome of� must be assigned to a node of the SOM, and two chromosomes belong to the same family if

they are assigned to the same map unit. As such, a chromosome8is assigned to the map unitD0 that minimizes a given

node-chromosome distance3¹8•Dº as de�ned in Equation 16. Often,D0 is called the winning node, or the best matching

unit.

D0 = min
D

3¹8•Dº (16)

The distance3¹8•Dº between a chromosome8and a nodeDis de�ned as follows. Comparatively to [70], where nodes

and chromosomes share the same vector size, this may not be the case in our context. As a consequence, we must

adapt the procedure to evaluate3¹8•Dº. Since a node has <0G centers (i.e., virtual bboxes) and a chromosome has any

number of centers (i.e., virtual bboxes) ranging from <8= to  <0G , we adapt a greedy assignment policy to determine

3¹8•Dº. Each virtual bboxE8 of chromosome8is paired with the closest possible node virtual bbox,ED, in terms of

3=2D8 (a distance between two virtual bboxes de�ned in Equation 18) that hasn't been paired with any center of the

current chromosome. This process is followed as long as there are no more centers left in the chromosome28, and it is

illustrated in Figure 6. So, the distance3¹8•Dº between a chromosome8and a nodeDof the SOM is computed as de�ned

in Equation 17.

3¹8•Dº =
Õ

j8j

min
E8•ED

3=2D8 (17)

For that purpose, we de�ne3=2D8 as the distance between a virtual bboxE8 of a chromosome8and a virtual bboxED

of a nodeD, such that3=2D8 is the summation of the border-to-border distance and the textual distance between both

virtual bboxes29. This is formalized in Equation 18,

28This procedure does not necessarily yield to an optimal pairing, but the ability of SOM to learn leads to concluding results.
29Note that only these two distances can be randomly initialized, and as such, logical and alignment distances are not taken into account here.
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Fig. 6. Assignment of a chromosome of size 4 to a node of size <0G = 8 of the SOM.

3=2D8 = 113D
8 ¸ CG3D8 (18)

The next step consists of computing the neighboring of the winning nodeD0. Since nodes are arranged on a 2D Grid

with cartesian coordinates, a neighborhood* aroundD0can be de�ned as in Equation 19, wheref is a threshold that

varies by iteration, andk”k is the euclidean distance.

* = fD j kI D � I D0
k � f g (19)

Note thatf is the neighborhood threshold de�ned in Equation 20 for each iterationCB>< of a maximum) B>< iterations

of the learning process. The underlying idea is to gradually freeze the neighborhood to guarantee convergence.

f = f <0G

�
1 �

CB><

) B><

�
(20)

Finally, the neighboring nodesDof the winning nodeD0must be updated to make them closer to each other. The

corresponding centers (i.e., virtual bboxes) of the neighborhood nodes are updated as de�ned in Equation 21, whereI D

(resp.I D0
) are the cartesian coordinates of nodeD(resp.D0) in the SOM,GD is the vector made of the average values for

each feature across all the solutions assigned to the selected nodeD0, andFD is the feature vector of nodeD. Note that

features for a given solution or node comprise of the coordinates of the virtual bboxes and the text vector. This is the

batch version of the SOM algorithm.

8D 2 * •F D = FD ¸ [ � 4�k I D� I D0
k � ¹ GD � FDº (21)

Note that the learning rate[ is de�ned in Equation 22 for each iterationCB>< of a maximum number of) B>< iterations

of the learning process. The progressive limitation of the weights' updates also guarantees convergence.

[ = [ <0G

�
1 �

CB><

) B><

�
(22)
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All preceding steps are iterated until) B>< is reached, so that convergence is achieved and the SOM gets stabilized.

Pruning of the population: If the number of selected chromosomesj� j crosses a pre-de�ned(>5 C-!8<8C, the

population must be pruned to a�0A3-!8<8C. Comparatively to [70] who randomly select solutions in the population to

perform pruning, we propose a methodology that guarantees the diversity of the chosen population to reproduce.

In particular, following a top-left bottom-right course strategy of the 2D grid, one chromosome is randomly selected

(without replacement) for each node of the SOM representing a family of solutions until the�0A3-!8<8Cis reached. This

process maximizes the diversity of the solutions chosen for the o�spring reproduction, thus optimizing the exploration

of the search space.

3.7 O�spring Reproduction

Once the su�cient number of solutions have been selected for reproduction, crossover is performed to obtain a new

population of potentially more performing chromosomes. For that purpose, we propose a randomized methodology

that relies on the SOM. This di�erentiates from [70], who use a crossover operator of di�erential evolution.

A solution is randomly chosen in the population. Its counterpart for reproduction is randomly chosen from the set of

solutions in its SOM neighborhood as de�ned in Equation 23, whereC"$$ is the current number of iterations of the

multi-objective optimization procedure that must be lower than the maximum number of iterations,) "$$ . Note that

V<0G is initialized with the same value as[ <0G in Equation 22. As such, as the optimization procedure proceeds, the

neighborhood region decreases to ensure convergence.

V = V<0G

�
1 �

C"$$

) "$$

�
(23)

All the individual genes of the two chromosomes are then stored into a unique bag, from which two new chromosomes

are arti�cially built by evolution, as shown in Figure 7.

Fig. 7. Crossover bag strategy.

Two solutions are created by randomly assigning to two di�erent bags a set of genes such that each bag contains

between <8= and <0G genes and at least one gene from each initial chromosomes is contained in each bag. Thus,

we guarantee the suitability of each solution and its evolution. Each bag is the new chromosome after reproduction.
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The solutions that have reproduced are withdrawn from the set of possible solutions for reproduction, and the

process continues until there are no more chromosomes to reproduce. Note that all solutions that cannot reproduce (i.e.,

the neighborhood is empty) are ignored.

3.8 Termination and Selection of Solutions

Once the new population has been created, it is merged with the pre-existing one in the next iteration of the optimization

process, such that non-dominated sorting is executed again, and a new Pareto-optimal front is obtained. This process

iterates untilC"$$ equals to) "$$ , i.e., the termination condition is achieved.

When the optimization process ends, a Pareto-optimal front of non-dominated solutions is obtained from which a

unique optimal solution must be selected. This issue is still an open problem as mentioned in [66]. In this paper, we

propose a simple priority sorting strategy. The idea is to select the solution that maximizes a speci�c order of objective

values. Let's note A, the Silhouette index alignment, T, the DB-Text, G, the DB-Border, and C, the number of Cuts. Then,

if we decide upon the following combination of objectives, ACGT, the solution that maximizes A over all solutions

will be chosen. In case of ties, the second objective to be minimized will be the number of cuts, and so on and so forth

until the minimization of T. In this paper, for the sake of exhaustiveness, we will compare all4! = 24combinations, to

understand the weight of each (visual, logical, textual) criterion for WPS.

4 EXPERIMENTAL SETUPS

In this section, we present the experimental setups that include the description of the data sets, the learning setups of

the MCS, and the implementation details of the related works and the visual elements.

4.1 Data Sets

In order to test the MCS algorithm, we used the data set presented in [4], which consists of 53 web pages from 3 di�erent

domains (Tourism, E-Commerce, News), all written in French and part of the TagThunder project. Initially, 900 web

pages have been automatically crawled from hub sites, i.e. 300 for each of the three domains. For each web page, a set

of information was recorded that includes encoding, content manager system, image formats, to name but a few. Such

process is illustrated in Figure 8. From this set of web pages, 30 items have been automatically selected for each domain

so that the topological diversity is guaranteed for the gold standard data set. Indeed, web pages can greatly vary in

terms of length, multimedia information, content manager system, and so on and so forth. And a strong evaluation set

up should include all this diversity. After manual veri�cation of the 90 web pages by three human experts30, 23 web

pages for Tourism, 12 web pages for E-Commerce and 18 web pages for News were selected for the gold standard data

set. A subset of this gold standard data set is illustrated in Figure 9 to account for the diversity of the selected web pages.

In order to segment the gold standard data set, a speci�c annotation tool (WebSeg) has been implemented that allows

to select a given number of clusters and assign visual elements to each de�ned cluster. Such a tool takes the form of a

browser extension as can be seen in Figure 10.

There is no standard way to segment a web page, and it is easier to say that a web page is odd-segmented than to

state the opposite. Indeed, WPS su�ers from the same issues as most clustering problems, for which human judgment

depends on di�erent biases [29]. As a consequence, di�erent clustering solutions may be judged �correct� although they

are di�erent. Nevertheless, within the creation of gold standards, some agreement must be attained over annotators.

30Three professors experts in the domain.
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Fig. 8. Example of the information gathered for a given web page.

Within the speci�c scope of our research, annotation has been manually performed by three human annotators31

experts in the �eld.

For the �rst task that consists of segmenting web pages for non-visual access, all 53 web pages have been segmented

with a �xed number of 5 clusters, as suggested in [4]. For that purpose, the three annotators have independently

performed their own segmentation following the Gestalt theory as guidelines [84]. Then, all annotators jointly discussed

their decisions for each of the web pages and decided on one consensus segmentation. Note that two web pages could

not be segmented into 5 clusters as they were referring to error web pages.

Within the scope of this paper, we also want to deal with the more general case, where the number of clusters is

not de�ned a priori. For that purpose, we performed a second round of annotations, where a given annotator had

to de�ne a segmentation with a variable number of zones, still following the Gestalt theory as guidelines. Note that

no recommendation was given in terms of the number of clusters to be de�ned. Based on the experience acquired

during the �rst annotation process, only one expert annotator segmented the set of 53 web pages with the objective to

transcribe the major layout decisions made by the author when designing the web page. Then, all three annotators

jointly discussed the proposed segmentations and agreed on some consensus. The results of the manual segmentation

into a variable number of clusters are given in Table 2.

31Three professors.
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