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3 Université Paris Descartes, LIPADE, 45, Rue des Saints-Pères, 75270 Paris, France

Abstract. The problematic of automatically searching series of broad
patterns in technical documents is studied. Such series can be assumed
to ordered information useful for the understanding of documents. The
proposed methodology is able to extract successive patterns of differ-
ent natures without a priori information. To make this, we consider the
spatial location of triplets of similar connected components using force
histogram and the recognition is performed by considering surrounding
discrete lines. This new model is fast and it allows a good extraction of
occulted patterns in presence of noise while requiring only few thresholds,
which can be automatically set from data.
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1 Introduction

Graphic recognition has an extremely rich state-of-the-art literature in symbol
recognition and localization. Numerous applications require an accurate recog-
nition of symbols such as automatic recognition and understanding of circuit
diagrams [13], engineering drawings [16] and architectural drawings [9,15]. Due
to the specificity of documents, methods are often targeted towards isolated line
symbols [4,10], etc. Basically, a symbol can be defined as a graphical entity with
a common meaning in the context of a specific domain.

It is well-known that successive basic patterns (e.g. dot and dashed lines,
circle lines) bring precious information for the understanding of the document
(e.g. separating parts, associated text boxes.) [1,8]. In many recognition sys-
tems, it is important to have an accurate and powerful operator related to the
retrieval of such series of patterns. Due to document specificity, structural meth-
ods are widely studied from representation such as Attributed Relational Graphs
(ARG) [2,3], Region Adjacency Graphs (RAG) [9] etc. Their common drawback
comes from error-prone raster to vector conversion which can increase the confu-
sion among close symbols and variability of the size of graphs leads to computa-
tional complexity in matching. Furthermore they are suitable in our context due
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to the extensibility of pattern series. However the repetitiveness of structural
model may lie in a grammar representation considering both equal distance and
spatial relations between patterns.

For instance, in the specific case of dashed line extraction, a powerful app-
roach has been proposed by [7]. It is based on a search area whose width is
the double of the current key width, and whose length is the maximal distance
allowed between two segments belonging to a same dashed line. Dosch et al. [8]
has proposed some improvements to the basic method by studying connection
points and the merging dashed segments by propagating them following a dis-
tance threshold. Even if results are satisfying in many cases, methods depend on
well-known raster-to-vector method drawbacks especially in presence of noise.
Furthermore distortions imply the delicate location of patterns to be found. As
a consequence, numerous thresholds are generally manually set while depending
both on the scale of documents and on the structure of patterns to be han-
dled. Finally it is not easy to assess the accuracy of extracted primitives from
data without human parameter setting. Previous works [6] showed the interest
of combining spatial relations and discrete line to provide a powerful method
dedicated to the special case of dashed line problematic. The aim of our study is
to extend this model by considering the problem of complex symbol localization
in broad documents, composed of individual parts with no a priori knowledge
about the shape but ordered following a direction and constrained by spatial
relations. To make this, we consider the spatial location of triplets of similar
connected components by using force histogram, integrating in its composition
both distance and spatial location. Surrounding discrete lines refine the series of
pattern extraction. This new model is fast and it allows a extraction of occulted
patterns in most of the cases even in presence of noise while requiring only few
thresholds, which can be automatically set from data.

2 Main Frameworks

2.1 Force Histogram Background

The histogram of forces allows to assess the spatial relation between two binary
objects [11,12]. The attraction between two points at a distance d between is
given by:

∀d ∈ R∗
+, ϕr(d) = 1/dr

with r, the kind of force processed, e.g. r = 0 for constant forces and r = 2
for gravitational ones. The handling of segments is considered to decrease the
computation time instead of directly studying any pair of points between the
two patterns. Let I and J be two segments beared by a line of angle θ from
the frame, Dθ

IJ the distance between them and |.| the length of a segment.The
calculation of the attraction force fr of a segment with regard to another is given
by:

fr(|I|,Dθ
IJ , |J |) =

∫ |I|+Dθ
IJ+|J|

Dθ
IJ+|J|

∫ |J|

0

ϕr(u − v)dvdu
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Considering two objects A and B, following a direction θ they can be entirely
described by the set of segments beared by a pencil of parallel lines of angle
θ. Let us take one line, denoted Dθ

η. The two sets of segments correspond to:
Aθ(η) = ∪{Ii}i=1,n and Bθ(η) = ∪{Jj}j=1,m and the mutual attraction of these
segments is given by:

F (θ,Aθ(η), Bθ(η)) =
∑

i∈1..n

∑
j∈1..m

fr(|Ii|,Dθ
IiJj

, |Jj |)

All the pencils of lines Dη
θ which entirely describe A and B are then considered.

The histogram corresponds to a set of angles and the calculation of FAB(θ)
remains to an assessment of the forces exerted by an object with regard to
another one in the direction θ. Finally the calculation of FAB onto a set of
angles θi (θi ∈ [−π,+π]) defines a spatial relational descriptor, denoted FAB .
By axiomatic definitions of the function F , the following properties, useful to
characterize the series of similar patterns, can be easily checked: translation as
objects are processed independently of their location in the image, symmetry
considering opposite directions, scale factor if the histograms are normalized
and rotation (after circular shifts), because the approach is isotropic.

2.2 Discrete Line Background

The arithmetical definition of discrete lines [5] is used in our method to embed
successive patterns : a discrete line D(a, b, μ, ω), whose main vector is (b, a),
lower bound μ and thickness ω (with a, b, μ and ω being integer such that
gcd(a, b) = 1) is the set of integer points (x, y) verifying μ ≤ ax − by < μ + ω.

In this work, we consider sequences of points, corresponding to series of
patterns, and we find the thinnest discrete lines, possibly thick, containing all
the points of the sequences.

More precisely, let us consider a sequence of points Sb, with |a| ≤ |b| to
simplify the writing. A discrete line D(a, b, μ, ω) is said bounding for Sb if all
points of Sb belong to D.

Moreover a bounding discrete line of Sb is said optimal (see Fig. 1) if its
vertical distance (i.e. ω−1

max(|a|,|b|) ) is minimal, i.e. if its vertical distance is equal
to the vertical distance of the convex hull of Sb. A linear algorithm was proposed

vertical distance

y

xconvex hull

Fig. 1. D(2, 7,−8, 11) is the optimal bounding line (vertical distance = 10
7

= 1.42) of
the sequence of points.
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in [5] to incrementally obtain the characteristics of the optimal bounding discrete
line of a sequence of points. It relies on the linear and incremental computation
of the convex hull of the scanned point sequence as well as on the arithmetical
and geometrical properties of discrete lines.

2.3 Overall System Description

The aim of our system is to consider spatial relations between regions as well as
their organization. Spatial relations and global characteristics rely on force his-
togram and organization is processed with thick discrete lines. Force histogram
is adapted here to process with several connected components during the image
scan instead of handling one pair of objects. A matrix of force histograms is
calculated and a set of kernels composed of series of similar patterns is achieved.
Discrete line models are used to detect the optimal bounding lines of the selected
kernels. Local mask area are defined from these bounded lines and series of sim-
ilar patterns are assessed by kernel propagation. Figure 2 shows the main steps
of our system. Each part is described in the further sections.

2

labelizationbinary labelled
Image Image

F(AB) Histogram

F(AA) Histogram series of

KP

KP
Discrete Lines

Discrete Lines

local mask area

left − right scanningF(AB) Histogram

series to be checkedNot OK

pattern series of more than 3 samples are kept

series of
3

Fig. 2. Main description of the System.

3 Extraction of Successive Patterns

3.1 Model Hypotheses

Dori al. [7] proposed fine properties to formalize dashed line concept. The method
starts by extracting keys. These keys are segments which are smaller than a given
threshold and which have at least one free extremum. The main loop consists
in choosing a key as the start of a new dashed line hypothesis, and in trying to
extend this hypothesis in both directions, by adding other segments belonging
to the same virtual line. This search is done in a search area whose width is
the double of the current key width, and whose length is the maximal distance
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allowed between two segments belonging to a same dashed line. That induced
numerous geometric conditions and manually set-up thresholds due to the scale
and the quality of the document under consideration. However considering one
application, most of the documents rely on the same building protocol. So the
method [7] is really efficient after a good setting from the study of few samples.
In our study we want to consider broad documents and we do not focus especially
on segments but on any kind of patterns. On the whole, dashed lines rely on
segments that can be considered as specific patterns. We consider here series of
patterns of similar natures. Main hypotheses become:
• H1 Minimum number of patterns having approximately the same length.
• H2 Patterns are regularly spaced.
• H3 Patterns follow a virtual line.
We also add other hypotheses to take into account more cases as occluded pattern
and series of different patterns:
• H4 Virtual line can embed occulted connected components.
• H5 Series of patterns can be composed with patterns of different natures.

3.2 Kernel Pattern Definition

To ensure the hypotheses previously described, three successive connected com-
ponents are assumed to be the minimal series of consecutive patterns to be
achieved. Pattern lengths (H1) are taken into account by the calculation and
the matching between associated force histograms. The regular spacing (H2)
between patterns also relies on the principle of force histogram that directly
integrates distance and spatial location. The calculation of surrounding discrete
lines is made to model the third hypothesis dedicated to virtual line (H3). Sym-
metric property can be useful to easily integrate a serie of two alternated patterns
as, in this case, histograms are defined from opposite directions (H5).

First the extraction of the set L of connected components is performed on
a binary image to label regions. Then, the computation of histogram forces is
performed as follows:
• ∀(A,B) ∈ L2, A �= B, computation of FAB with ϕ2

• ∀A ∈ L, computation of FAA with ϕ0

Let u,v, w be in L. Kernel patterns of cardinality 2 or 3: KP2, KP3 are extracted
as follows.
• (u, v, w) ∈ KP3 if v is the middle segment closest to u and w and Fuv ∼= Fvw

• (u, v) ∈ KP2 if (u, v, w) /∈ KP3 and if Fuu ∼= Fvv

KP3 corresponds to suitable series of three disconnected similar patterns and
KP2 is set to consider the presence of occluded patterns in further processing
(H4).

3.3 Optimal Bounding Mask Area

The optimal bounding discrete line of each kernel pattern is computed from
associated sets of pixels. The characteristics of these discrete lines are recorded.
At this step, we obtained a set of local thick line masks surrounding patterns
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to be applied on the initial images. However close kernels in the same direction
can belong to the same series of patterns. Consequently several key kernels can
constitute a large serie of pattern lines. If we consider all the associated discrete
lines, this may not overlap exactly. We propose to merge intersecting discrete
lines to provide local looking up area around kernels in order to be more robust to
noise and to distortion. Let us consider Di, and Dj the optimal bounding lines
of two different kernels, a new discrete optimal area is defined if they largely
intersect as follows.

Δij = Di ∪ Dj if |Di ∩ Dj | ≥ min(|Di|, |Dj |)
2.

And so on for each close kernel. Finally all the achieved optimal bounding mask
areas are labelled to ensure a local kernel propagation processing and to avoid to
process with other directions due to possible intersection with other mask area.

3.4 Kernel Propagation

The propagation of each key kernel to the left and to the right is performed
by considering its associated local mask area as follows. All the patterns of the
image included in the local mask area are considered, even occulted parts (H4).
The computation of the force histogram is done between the new basic pattern
candidate and the extremity basic component of the propagated key kernel.
A test of equality, considering the previous global threshold, is made with the
force histogram of the previous couple of components. If the test is right, the
basic candidate is added to the series (H2) and the process is run again. Finally
series of achieved basic similar patterns greater than three are kept (H1).

If the images contained several series of patterns, it is possible to regroup
them following their structure. To make this, the variation between mean nor-
malized histograms of each series is compared out to extract level map of series
of patterns. The aim is just to show the potential aspect of this approach and
this clustering can be improved using well-known methods based on Dunn or
Davies-Bouldin indexes which can be used here considering large database of
technical drawings [14].

4 Experimental Results

4.1 Setting

Our approach has been tested on real binary documents coming from differ-
ent sources (and resolution) like architectural drawing, electric area networks,
electronic drawing... We present here the study of mostly encountered pattern
line configurations (disconnected, occulted and symmetry). First a classical con-
nected components labelling is performed on the binary image. Due to the typ-
ical structure of graphical documents FAB can be calculated considering four
close connected components to limit processing time. Moreover FBA is directly
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deduced from FAB (property of symmetry). It is easy to show that the com-
plexity of force histogram is in O(pn

√
n) with n the number of points of the

image. But it is rather in O(pn) considering the process of closer components in
a labelled document. p is set to 128 directions. Experimental studies [12] have
shown that more processed directions have low influence on the global shape of
the histogram. Regarding the matching, a basic similarity ratio (min over max)
is used to compare force histograms and a recognition threshold is experimentally
set at 0.9 to take into account both noise effects and few pattern distortions.

4.2 Simple Case: Disconnected Patterns

Figures 3 and 4 show the processing of disconnected patterns. First image of the
series represents the processed document. Second image relies on the bounding
area obtained using thick lines merging. A set of lines were processed from sim-
ilar number of kernels to define area masks. They are given in the second image
for visualization as well as superimposed information coming from initial image.
They are considered alone in the processing to avoid intersected area problem-
atic. The last image of the series presents extracted pattern lines, showing the
good behaviour of our approach. Most of the rates are greater than 0.95. Pat-
terns included little end dashed segments in Figure 4 reached a rate close to 0.91.
They can eventually be omitted.

Fig. 3. Main extraction steps (Sample 1).

4.3 Complex Cases: Occulted Patterns and Symmetry

The figures 5 and 6 show more complex cases having occulted patterns. We can
directly remark that such patterns are taken into account during the propagation
step whereas they are not too distorted. In Figure,6, four areas were defined from
31 thick lines. We can remark that two largely occulted windows are missing
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Fig. 4. Series of patterns (Sample 2).

in figures 5 (rates: 0.82 and 0.75) and circles not found (rates around 0.86) in
figures 6 as they are distorted and further.

The last example shows the interest of symmetry property handling alter-
nated series with one different pattern which can be occulted. We can remark
that two additive patterns are considered belonging rather to corner shapes. This
case required further processing (for instance corner detection).

4.4 Discussion About Limitations

The table 1 summarized the results presented in this paper: Samples, number of
mask area, number of clusters founded in a same image and recognition rates
considering the connected regions.

Fig. 5. Occulted Patterns (Sample 3).
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Fig. 6. Occulted patterns (Sample 4).

Fig. 7. Occluded and alternated patterns (Sample 5).

Rates consider any missing part due to occulted or noisy regions. We can
remark that recognition rates decrease by considering little shape (as segments)
due to the impact of noise on the whole representation of the shape. As said
before a threshold is set at 0.9. However it is not the “best” threshold. A tuning
can easily provides a 100 percent of recognition (that is using a threshold set
at 0.73) on the whole set. However we consider this as having no sense because
new retrieved shapes will be highly distorted and can refer to another object.
Structure based approaches can be an help to dissociate them. Another idea is
to provide a map of confidence pattern and less confident ones. In this case end
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Table 1. Sample recognition rates.

Samples Mask area Cluster Global rates

1 2 1 100

2 6 2 98

3 1 1 78

4 4 1 83

5 2 2 94

pattern of associated lines will be proposed as possible extension to be checked
to human decision. Due to the axiomatic properties of F-histogram the method
is also robust to scale effect. Nonetheless low scale on degraded documents can
induce lower recognition due to ambiguities between little shapes. Clustering
is done here considering normalized mean, and histogram shifts are taken into
account to process with rotation. Result can be improved using for instance
shape descriptor when the number of different patterns increases.

5 Conclusion

An original method to extract series of successive pattern lines has been proposed
in this paper. Achieved results are very promising. Furthermore this method is
robust and relies on few thresholds which can be automatically set by considering
the particular aspect of technical documents. Currently the extension of the
method to more complex series of alternated patterns is under consideration by
introducing grammar to represent the kernel to propagate. Further investigations
will be carried out to extract series of patterns describing curves by combining
both curvature profile and force histogram.
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