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Abstract—The presented work concerns the automatic detec-
tion of legend texts inside maps. After extracting the texts from
the images using OCR tools, we use an iterative clustering process
on the extracted texts. We consider five main criteria, with
different levels of importance: text alignment, distance between
text boxes, background color of the text, font color, and font size.
For each criterion, we define appropriate similarity measures. We
propose a method that combines, incrementally, the partitions
obtained by each criterion. The experimental study reveals two
important results. First, combining several criteria gives better
results than considering a single distance metric (e.g., Euclidean
distance) between text boxes. Secondly, the overall effectiveness
of the priority relation, which we intuitively defined among the
criteria for detecting caption texts, is confirmed.

Index Terms—Digital maps, OCR, clustering

I. INTRODUCTION

The automatic detection of texts inside images has been
studied by the computer vision community for several decades.
The text detection and text grouping is mainly based on visual
features that are extracted from the image (i.e., color, shape
etc.). Text recognition inside images and videos with arbi-
trary and cluttered background has attracted a lot of interest,
especially for helping visually impaired people. This work
deals with the text detection inside images that belongs to the
legend, a specific area of information that interests the reader.
The novelty of this work is that not only visual characteristics
are used, but also semantic notions that accompany and aid
the legend area detection. For example, semantic information
might be: the possible position of the object in the map, the
relation or distance among neighboring objects, etc.

The images that we deal with are images that represent
digital maps. This work is a primary step in the detection of
objects of interest inside maps, that are usually defined and
displayed in the legend. For this purpose, we start by calling
an optical character recognition algorithm (OCR) in order
to obtain the text boxes (i.e., streams of characters included
in a rectangle) that appear inside a given map. We use the
text regions provided by the ORC algorithm as an input to a
clustering algorithm we propose, based on the well-known k-
means algorithm. We also introduce criteria that characterise
either in a symbolic or visual way the notion of legend. For
instance, text phrases that are aligned vertically may formulate
a legend (symbolic/qualitative criterion), the background color

of text boxes is a solid color (visual criterion). We define five
such criteria as well as distance measures associated to each
criterion for the k-means algorithm. We deploy k-means in
an incremental way, since clusters are being built according
to a single criterion that is considered at each iteration.
Therefore, the order in which the criteria are considered affects
the efficiency of our algorithm. The decision of merging or
splitting inside a cluster is based on the entropy we compute
to reflect the inner homogeneity.

Among the several text regions provided, we construct and
deconstruct clusters of them iteratively until we converge
to a set that is most probably the legend region we seek
for. The originality of this work is the incremental way we
build clusters, in order to consider the various criteria we
impose. Additionally, we can give a different importance to
each criterion by prioritizing it, resulting in a hierarchical
management of the clusters.

We evaluate the results of the legend detection on several
maps of different dimensions, analyses, and styles using two
evaluation metrics. The results show that our algorithm detects
quite well the legend region on several maps, having the ten-
dency to slightly ”over-approximate” the target region. Fruitful
observations are derived by the exhaustive study we conducted
on the criteria. Namely, when more than one criterion are
considered, we obtain a better approximation of the legend
region. When changing the priority order on the criteria, the
detection deteriorates.

The rest of the paper is organized as follows. The next sec-
tion briefly presents some related work. Section III describes
the problem considered in this paper, defines the five criteria
used for clustering and presents our legend text detection
algorithm. Section V contains the experimental results, and
finally, Section VI concludes the paper.

II. RELATED WORK

Text detection or recognition usually concerns text docu-
ments, and many OCR algorithms have been proposed for this
purpose with excellent accuracy [1]. Last years, text detection
in natural scene images has attracted a lot of interest due to
a variety of applications: scene understanding, content-based
image retrieval, assistive navigation (for autonomous cars or
visually impaired people) [2]. In [3], the authors proposed a



framework of text string detection, where the character candi-
date grouping is based on structural features, such as character
size differences, distances between neighboring characters, and
character alignment. Their text line grouping method performs
Hough transform to fit text line among the centroids of text
candidates instead of clustering. This work is similar to ours in
the sense that semantic notions are considered but the purpose
and granularity in different (character and line grouping vs
text boxes grouping). Similarly, in [4], the proposed assistance
system recognizes text in an image based on structural features
like size, orientation, and distance between the successive
regions of interest.

In the information retrieval community, there is a consid-
erable effort for text clustering with the well-known k-means
algorithm, but for different purposes than ours (i.e., for scoring
and ranking a document’s relevance given a user’s query [5],
grouping documents of similar content[6], text summarization
[7]). There exist works on text detection in raster maps, but
they are more related to ORC approaches, where the challenge
originates from the varying text orientations and the overlap
of text labels [8], [9]. To our knowledge, there are no works
that deal with text detection that belongs to legends of maps.

III. PROBLEM DESCRIPTION AND GROUPING CRITERIA

A. Problem description

The problem we are dealing with is the identification of the
region of a map where the legend text is located. The data input
of our algorithm are images representing maps with legends.
The maps are made up of figures, but also of text areas. In this
paper, we propose an approach to discriminate text belonging
to a potential legend from other text regions in the image.

Each image will be represented by a matrix of n × m
elements, which will be denoted in the following by I. Each
element of the matrix represents a pixel color (represented here
in RGB format, i.e. a triplet of integers between 0 and 255).
We will use the index xi to designate a given row number and
yj to designate a given column number of the matrix I.

In this paper, we focus on images containing legends. In
particular, we are interested in the area of the map containing
the legend text, which will also be represented by a pixel color
matrix denoted L. The output of our algorithm is an area of
the matrix I, which is intended to represent the text area of
the legend L.

We now introduce two concepts that will be used by our
algorithm in the following. The first notion, which we call
splitting, consists in building a partition of a set from a larger
partition. The second is a refinement on the notion of entropy,
which will be used to measure the homogeneity of a partition.

Definition 1 (Splitting): Let A be a set of elements. Let B
be a subset of A and PA = {Ci : i = 1, .., t} be a partition
of A (namely, ∀Ci, Ci ̸= ∅,

⋂
i=1,..t Ci = A and ∀j ∈ {i =

1, ..t}, k ∈ {i = 1, ..t} with j ̸= k, we have Cj∩Ck = ∅). We
call the partition of B by PA, denoted B ▷PA, the partition

of B obtained by intersecting each element of PA with B.
More formally:

B ▷PA = {B ∩ Ci : Ci ∈ PA} (1)

Definition 2 (Homogeneity measure): Let A be a set
of elements and PA be a partition of A. We define the
homogeneity (or entropy) of PA, denoted E(PA), by:

E(PA) = −
∑

Bi∈PA

∥Bi∥
∥A∥

∗ log2
∥Bi∥
∥A∥

, (2)

where ∥x∥ represents the cardinality of x.

B. Extracting texts from maps

The first step of our algorithm is to extract text from the
maps. In this step, we simply use existing OCR tools. In
particular, we are using the DocTr OCR tool [10], which
enables us to obtain a list of text zones with different levels
of granularity (blocks of text, a line of text, a word, etc.) from
an image.

Given a I map, the OCR tool returns a set of texts, denoted
by TI . The elements of TI are called text boxes and are
denoted by the lower-case calligraphic letters a,b,c, etc..

Figure 1 gives an example of a text box area, which is
represented by a rectangle on the map identified by the two
end points of its secondary diagonal, denoted by (xa, ya) and
(xa, ya).

Here an example of a text box

•

•

(xa, ya)

(xa, ya)

Fig. 1. An example of a text box with the representation of its coordinate
notations

Remarks:
• In the rest of this paper, we assume that all rectangles

associated with text boxes are disjoint.
• We also exclude rectangles that are not vertical or hori-

zontal (in relation to the image axes), as the legends are
not supposed to be inclined.

C. Definitions of clustering criteria

This subsection presents the five main criteria that will
be used by our method for detecting legend text areas. For
each of the five criteria, we define the associated similarity
measures for comparing two text zones. Let a and b be two
text boxes. For the sake of simplicity, we will use the term
distance to express the similarity between two text boxes,
without requiring any prior property on the distance measures
used in clustering algorithms.



Criterion 1: text alignment : Legend text is often aligned.
Text alignment can take various forms: left, center, right, etc.
For the sake of simplicity, we limit ourselves to the situation
of legends with text aligned vertically on the left. Extension to
other forms of alignment can easily be done by symmetry or
by a slight adaptation of the distance measure defined below.
The distance associated with text left alignment, denoted dag ,
is defined by:

dag(a,b) =| ya − yb | . (3)

Criterion 2: distances between text boxes : A second natural
criterion is the similarity measure between text zones, which
we will denote by de. This is a natural criterion, since legend
texts are generally close to each other.

A primary idea for defining the distance between two text
boxes is to consider the smallest distance between any two
points on the perimeters of the rectangles associated with the
two text boxes. This solution is not satisfactory in our context,
as we are using particular rectangles (disjoint, horizontal or
vertical, text aligned on the left, etc.).

The definition of the distance between two boxes clearly
depends on the results of OCR, which may return whole
sentences or simply isolated words. We propose to analyze
each of these two situations.

Let us start with the case where the boxes contain whole
sentences. Figure 2 shows the “ideal” situation in which the
distance between two text boxes a and b is equal to 0. These
are two boxes perfectly aligned on the left (recall that, only
alignment on the left is considered) and whose distance is
equal to the basic unit for distances (a single pixel in our
case).

A text box b

A text box a One-p
ixel sep

ara
tion

betw
een

two boxes•

•

(xga, yga)

(xgb, ygb)

Fig. 2. Situations where two text boxes are considered as close as possible

More formally, let a and b be two disjoint text boxes. Then:

de(a,b) = 0
iff

(ya = yb)
and

[(xga = xb + 1) or (xgb = xa + 1)].

Note that the distance only applies to two disjoint text boxes
(this is the context of our paper).

Based on this definition of situations where two text boxes
are considered ideally close, it is then sufficient to define the

distance as the number of basic movements required for one
of the two boxes to move to reach the aforementioned ideal
situation.

b

a

•

•

•

•

(xgb, ygb)

(xb, yb)

(xga, yga)

(xa, ya)

d
1

d2

Fig. 3. Illustration of the computation of the distance between two text boxes

More formally, from the notations given in figure 3, we
have:

de(a,b) = min(d1, d2),with

d1 =
√
(xa − xgb)2 + (ya − ygb)2, and

d2 =
√
(xb − xga)2 + (yb − yga)2.

(4)

Of course, other measures (such as the Manhattan distance)
can be used alternatively to the Euclidean distance.

Now, assume that the text boxes contain only words. In
this case, the (Euclidean) distance between the word centers
is sufficient. Let us denote (xca, yca) and (xcb, ycb) the
coordinates of the points that represent the centers of the a

and b boxes respectively. The distance between a and b is
simply defined by:

de(a,b) =
√
(xca − xcb)2 + (yca − ycb)2 (5)

Criterion 3: Background colors of text boxes : The third
criterion is the background color of the text zone. The back-
ground color used in legends is often homogeneous (usually
solid). The use of this criterion raises two questions, both of
which are well addressed in the image processing literature
(e.g., [11]).

The first question is how to determine the background of
a text box a. In our context, we can simply use the pixel
color frequency, as we can reasonably assume that the texts
in the boxes to be compared are of homogeneous color and
that the texts occupy the majority of the box. Another way
of proceeding, which is the one followed in the paper, is to
calculate the most connected (related) part of the box (two
pixels are connected if they are of homogeneous color, i.e.
both pixels are of sufficiently similar color) starting from one
of the edges of the text box.

The second question is how to determine the color repre-
sentative of the text background. Once more, we have several
possibilities (e.g. [12]). One possibility, based on the RGB
values of each pixel in the text area, is to i) first calculate
the sum of the squares of the colors (value by value), ii)



then divide the result by the number of pixels and ii) finally
apply the square root to the result (to stay within the set
{0, ..., 255}). Another possibility is simply to take the average
of the colors (value by value) of the different pixels of the
image background. The later method, is the one used in this
paper.

Let us now denote (RFa, GFa, BFa) and
(RFb, GFb, BFb) the average background colors of the
a and b text boxes respectively. Now, let us calculate the
proximity between these two colors, where again several
definitions are possible. In this paper, we use the Euclidean
distance, denoted dbg , and defined by:
dbg(a,b) =√
(RFa −RFb)2 + (GFa −GFb)2 + (BFa −BFb)2. (6)

Criterion 4: Height of text boxes : The three criteria
described above (alignment, distance and background color
of the text area) are fundamental in determining the text area
of a legend. Another auxiliary criterion, concerns the size of
the font used, which here, is assumed to be equal to the height
of the text box. The fourth distance measure, denoted dt,
represents the height of the text boxes and is simply defined
by:

dt(a,b) =| (| xa − xa |)− (| xb − xb |) | (7)

Critère 5: Text color : The last criterion is the dual of
criterion 3 (the background color of a text box), since we
consider that a text box can be divided into two parts: the part
that contains the text characters of the text box and the rest
that represents the background of the text box. Let us denote
(RTa, GTa, BTa) and (RTb, GTb, BTb ) the (average) text
colors of the a and b text boxes respectively. Then the
distance with respect to the text color, denoted dct, is defined
by:

dct(a,b) =√
(RFa −RTb)2 + (GTa −GTb)2 + (BTa −BTb)2. (8)

IV. A CLUSTERING ALGORITHM BASED ON SUCCESSIVE
CLUSTER REFINEMENTS

In this section, we propose an approach based on clustering
[13], [14] in order to group the text boxes that belong to the
legend area. Since the text boxes extracted from images are not
labeled, we opt for methods based on unsupervised learning.
Precisely, in this paper we opted for the k-means algorithm
(e.g., [15]) which is widely used in unsupervised classification
problems.

We are interested in grouping regions of text in such a
way that these groupings represent the text of a legend. The
input data of our algorithm is a map which we assume that it
contains a legend. This map will be denoted I. To this input,

we associate two parameters. The first is a vector, denoted c⃗,
of criteria (of size 1 to 5) which indicates the order in which
the criteria must be used. The second parameter is a threshold
function, denoted σ(A) which indicates whether a partition of
a set A is sufficiently homogeneous or not. Similarly to any
collection function, the difficult question is how to set this
threshold. In our experimental study, it is set to 80 % of the
maximum value.

In addition to the two aforementioned parameters, two other
functions are considered in the input data. First, the OCR(I),
which returns the set of text boxes TI that are in the image
I. Second, the function for the text grouping. As we stated
above, we simply use the k-means method.

Algorithm 1 Legend detection algorithm
Inputs:

I: a map containing a legend
c⃗: a vector of n ∈ {1, ..., 5} criteria
σ: a function that takes a partition

and returns a real number
k-means: the clustering method used

Outputs:
P A set of clusters.

1: // First an OCR tool is applied to the image
2: TI ← OCR(I)
3: // The k-means algorithm is applied to TI

4: // with the first criterion c⃗[1]
5: P ← k −means(TI, c⃗[1])
6: // We refine the set P iteratively with the other criteria
7: for all i ∈ {2, ..., n} do
8: // Apply the k-means algorithm to TI

9: // with the i-th criteria c⃗[i]
10: C ← k −means(TI, c⃗[i])
11: // We refine each element of
12: // the current partition P

13: // Results will be saved in X

14: X ← ∅
15: for all B ∈ P do
16: // We split B from C using Definition 1
17: RB = B ▷C

18: // We check the refinement of B, i.e. if RB is
homogeneous

19: if E(RB) <= σ(RB) then
20: X ← X ∪ {B}
21: else
22: X ← X ∪RB

23: end if
24: end for
25: P ← X

26: end forreturn P

The proposed algorithm (Algorithm 1) consists of three
main steps.

• The first step (lines 1 and 2 of Algorithm 1) is simply
to extract the text boxes from the image by utilizing an
OCR tool. The result of this step is a set of text boxes.



• The second step (lines 3 and 4) consists in applying the
k-means algorithm to the set of text boxes. The resulting
partition is denoted by P.

• The third step (lines 7-21) consists in progressively
refining the clusters obtained with each of the remaining
criteria. First, for each criterion, the k-means algorithm
is applied to the set of text boxes given by an OCR algo-
rithm. Then, each cluster element B is splitted (according
to Definition 1) by applying the k-means algorithm on
the result of clustering obtained in line 10. Whether the
entropy associated with the splitting result is better or not
than σ(RB), then element B is replaced by its splitting
result or remains unchanged respectively (lines 18-21).

We therefore use this entropy measure as a criterion for
evaluating the homogeneity of the different clusters obtained
by applying one criterion compared to the clusters obtained
by a different criterion.

.

.

.

.

.

.

Entropy degree of 1

.

.

. .

.

.

Entropy degree of 0,65

Fig. 4. Two examples of clustering results with their entropy values

Figure 4 depicts an example of entropy degree on two differ-
ent clusters. Each element, displayed by a dot, belongs to the
same cluster of criterion 1. The colors represent the different
clusters calculated by criterion 2. For the left example, which
represents a clustering given by criterion 1, three points belong
to the “red” class and the other three belong to the “green”
class. The entropy degree here is maximum (i.e., 1).

The example on the right has only one element belonging
to the “red” class. Thus, the different classes of criterion 2 are
much less homogeneous. As a result, the entropy value of this
clustering is lower (with an entropy equal to 0.65).

In the first case, the cluster is split into two new clusters,
while in the second case the cluster remains unchanged.

V. EXPERIMENTAL STUDIES

The experiments carried out in this paper were performed
on processors Intel XEON E5-2637 v4 of 4 cores at 3.6 GHz

with 128 GB RAM RDIMM, under CentOS 7.3 Kernel 3.10.
In terms of software configurations, we used the OCR library
DocTr version 4.0[10] and the implementation of clustering
scikit-learn version 1.3.2 [16].

We selected 29 images on which we conducted our legend
detection procedure, using the various criteria studied in this
paper. On each map, the legend was labeled by hand, in
order to compare the result of our calculations with the
“real” legend. We took care to select maps that were very
different from one another in terms of content, resolution
and legend representation. The maps used in our experiments
are available at https://www.cril.univ-artois.fr/∼marzinkowski/
incremental-clustering-results/.

We specify here, that we are comparing areas (or zones)
of the image, because what we are interested in, is whether a
part of the map is a legend or not. One of the advantages of
proceeding by this way is that, even if a word (within a word
group) is not detected by the OCR tool, we can nevertheless
recover a large part of the area (if not the entire area when
the word is within a word group). Therefore, our detection
becomes less sensitive to the OCR results.

We do not report in detail the running times, as they are
quite similar in all our experiments. However, we provide a
general idea of the computational cost of the various stages of
our legend detection algorithm: (i) the running time of the OCR
on our dataset varies between 10 and 25 seconds, depending on
the amount of text appears on the map that is given as input (ii)
the five sets of partitions obtained with k-means are computed
in about one second and finally, (iii) the time required for
refinement never exceeds 100ms. A more precise summary of
the processing times for the various stages is given in Table I.

We can therefore see that, whatever the map used, our
algorithm takes less than 20 seconds to complete all its steps
for detecting the texts belonging a legend.

Moyenne Écart type
OCR 17,231 2,095

Clustering 1,036 0,790
Raffinement 0,005 0,002

TABLE I
SUMMARY OF RUNNING TIMES (IN SECONDS)

A. Evaluation method

We have considered two evaluation metrics:
• Intersection Over Union (IOU)
• Intersection Over Labels (IOE)
These metrics are used to compare two areas of the map.

One is the area produced by our algorithm, and the other is
the manually labeled area (considered as the actual area label).

Roughly speaking, Intersection over Union (IOU) consists
in calculating the ratio between the surface of the intersection
of two zones, and that of their union. For Intersection over
label (IOE), it represents the ratio between the intersection of
the two zones, and the labeled zone. These two metrics have

https://www.cril.univ-artois.fr/~marzinkowski/incremental-clustering-results/
https://www.cril.univ-artois.fr/~marzinkowski/incremental-clustering-results/


the advantage of being insensitive to map resolution; IOU has
also been used in a number of works [17].

Let us illustrate these metrics in Figure 5. It contains three
color zones: red, blue and yellow; whose areas are denoted by
AR, AB and AJ respectively.

We consider the labeled rectangle (true answer) to be the
rectangle including both blue and yellow surfaces, while the
area calculated by the algorithm is represented by the yellow
and red rectangles. Thus, the yellow surface represents the
correctly identified zone (true positive), the blue surface the
wrongly unidentified zone (false negative) and finally, the red
surface represents the zone wrongly identified by Algorithm
1 as the zone to be detected (false positive).

Fig. 5. Example of different areas, illustrating the IOU and IOE metrics

In this example, the IOU score is equal to the yellow area
divided by the sum of all areas, i.e. (AJ/(AB +AR +AJ)).

The IOE score, on the other hand, is equal to the yellow area
divided by the sum of the blue and yellow areas: (AJ/(AB +
AJ)).

We have computed these scores for all permutations of
all the five criteria, as well as for each subset of criteria.
For example, if we consider the order [Distance, Alignment,
Height, Text Color, Background Color], we calculate a score
where clusters are calculated using the first criterion alone (no
refinement), another with the first two criteria, then the first
three, and so on. In this way, we have been exhaustive, so that
we can validate which set of criteria is the most suitable. For
each map, we obtain a total of

∑5
i=1

∏5
j=i j scores, i.e. 325

scores.
Among the computed clusters, we select those ones with

the highest evaluation metric score.

B. Results
In the rest of this paper, we will use the following abbrevi-

ations for the 5 criteria presented in Section III-C:
• D: distance – equation (5)
• A: alignment – equation (3)
• H: height – equation (7)
• T: text color – equation (8)
• F: background color – equation (6)

1) Single-Criteria Clustering: Initially, we simply per-
formed a clustering following a single criterion, without any
further refinement. The average IOUs for this first test are
shown in Table II.

We observe that the criterion providing the best results is
distance (D). This result is not particularly surprising, given

D A H T F
42,8% 28,2% 9,8% 14,6% 15,1%

TABLE II
IOU AVERAGES OVER THE 29 MAPS OF A SINGLE-CRITERIA clustering

that, in the large majority of cases, a legend groups together
a set of texts in a spatial sub-area of a map. Obviously, the
proximity of these texts favors the distance criterion.

Conversely, the least favorable criterion -when considered
individually- is the one of height (H). This result though, is
less expected, but can be explained by the fact that height
is not a particularly discriminating factor for distinguishing
the textual elements of a legend. Indeed, the texts in a legend
may have different sizes, but other map elements may have the
same size as well. Hence, it seems inappropriate to consider
height as a single criterion.

2) The importance of multi-criteria refinement: We pro-
ceeded our experimental study by evaluating the effect of
combining different criteria via the successive refinement
procedure presented in Section IV.

Here, we aim to show the value evolution of successively
refining the cluster considering various criteria, regardless of
the order in which they are taken. For that purpose, we have
considered 5 classes of results, depending on the number of
criteria used. All possible orders were tested, and the following
results show an average of these results.

Figure 6 focuses on IOU metric, and represents the number
of maps in our dataset where, on average, a run has produced
a result greater than the value displayed on the abscissa.

For example, the values for the abscissa “10%” indicate that
using just one criterion out of the 5 (without refinement, as in
the previous section) yields an average IOU greater than 10%
for 24 of the 29 maps, while, when using 2,3,4 or 5 criteria
we detect 27 maps. Of course, the higher the values on the
x-axis, the lower the number of maps concerned.

Figure 6, shows that the number of criteria taken into
account has an impact on the quality of the result. In particular,
it is important to note that each refinement by a new criterion
improves the results. Once again, this is true independently
of the order in which the refinements are done, as the figures
are drawn on the averages of all possible orders. It is worth
noticing that, exploiting the different characteristics of legend
text elements is essential for the effectiveness of the legend
text detection procedure.

Figure 7, follows the same principle, but for the IOE
metric this time. Evidently, the results here are much better.
This is easily explained by the metric chosen, since IOE, by
construction, is more permissive (see Figure 5).

The greater values displayed the latter figure, illustrate
that our algorithm detects legends rather correctly in a large
number of cases. The differences with the IOU in Figure
6 indicate, however, that our technique has a tendency to



Fig. 6. Chart of the percentage of average IOU map above the x-axis

Fig. 7. Chart of the percentage of average IOE map on the x-axis

”over-approximate” the legend frame, as this metric precisely
punishes overly broad approximations.

3) Best combination of criteria: Although the previous
section disregarded the order of the considered criteria in
successive cluster refinements, this operation impacts also the
performance of our procedure. Here, we focus on the run that
has had, on average, the best results.

In line with our previous observations, this run uses all 5
criteria to perform its detection. Intuitively, we might imagine
that the distance criterion (D), the best in a mono-criteria
clustering, would be in first place in the order considered.
Surprisingly, this is not ttue. The optimal order we obtained
by the order F-A-D-H-T. So, grouping first according to

background color, then refining successively with alignment,
distance, height and finally text color, we obtain our best
results. In this configuration, the average IOU obtained across
all maps is 52%. On the other hand, 7 maps (out of the 29)
achieve an IOU above 80%. The average IOE obtained for this
test is 79.48%. Recall at this point that, our dataset is chosen
to be heterogeneous, containing maps that are challenging for
this type of detection. This choice was done in order to show
that our algorithm is generic and independent of the nature of
the data and explains why the detection scores may seem low.
In particular, several maps do not conform to the assumptions
we have made (such as left-hand alignment).

We have shown results of a particular order (i.e., F-A-
D-H-T), however, other orders on the criteria are also in-



teresting, and thus, some patterns can to be extracted. The
full list of results obtained during our experimental phase
is available at https://www.cril.univ-artois.fr/∼marzinkowski/
incremental-clustering-results/.

VI. CONCLUSION AND FUTURE WORK

In this paper, we have presented how clustering techniques,
coupled with appropriate criteria, can be used to automatically
detect legend texts in maps of all kinds: city maps, water
networks, road maps, etc.

To efficiently group text areas that could represent texts in a
legend, we established five criteria, each one associated with a
specific distance measure. We then introduced an incremental
algorithm, parameterized by a vector of criteria, enabling us
to improve partitioning by exploiting entropy as a measure
of the homogeneity of the partitions obtained at each stage.
The experimental study, carried out on a highly representative
sample of maps using one or more criteria, showing that
successive refinements of the partitions yielded better results
than the use of a single criterion.

A future task would be to study methods for ordering the
different clusters obtained by our clustering algorithm. The
ultimate goal is to indicate, among a set of clusters returned
by our clustering algorithm, which ones are most likely to
represent legend texts. This amounts to ranking the clusters
and selecting the best one(s). If we consider only text boxes
(and not other elements of the images), we can identify three
main factors that influence the selection of the best cluster
to represent a legend. The first is the number of text boxes
contained within a cluster. There is a typical range for the
number of text boxes that a legend usually contains. If a cluster
contains only one text box, it is unlikely to be a legend, and
the same applies if the cluster exceeds a certain threshold.
This threshold depends on the total number of text boxes
in the image and the nature of the image itself. It can also
be approximated by the number of representative objects that
appear frequently enough in the image. The second factor
is the alignment of the text boxes. If the boxes are well-
aligned, this suggests an arrangement that often corresponds
to a legend. In this paper, we have mainly considered left
alignment and we aim to maintain this assumption. The
alignment distance we defined for the clustering algorithm was
initially designed for only two text boxes. Our objective is to
extend this distance measure in order to be applied to clusters
consisting of multiple text boxes. The third criterion is the
distance between successive text boxes: text boxes that are
too far apart are less likely to form a coherent legend than
those that are close together.

Other future work, includes generalizing the proposed
distances to accommodate various legend text formats,
developing a global aggregation function for distances across
the five criteria to enable single-run clustering, and exploring
alternative clustering algorithms, particularly hierarchical
clustering. We also plan to collect a large number of legend
maps for further experimental study.
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