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Abstract. In this paper, a method for matching com-
plex objects in line-drawings is presented. Our approach
is based on the notion of F-signatures, which are a special
kind of histogram of forces [17,19,28]. Such histograms
have low time complexity and describe signatures that
are invariant to fundamental geometrical transformations
such as scaling, translation, symmetry, and rotation. This
article presents a new application of this notion in the
field of symbol identification and recognition. To improve
the efficiency of matching, we propose using an approx-
imation of the F-signature from Fourier series and the
associated matching.

Key words: F-signatures – Fourier series – Symbol recog-
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1 Introduction

In this paper, which is a thorough extension of work pre-
sented in [25], we propose a method for the recognition
of complex symbols in technical drawings based on the
notion of F-signatures, which is a particular histogram
of forces [17,19,28]. The aim is to define a signature for
each object found in a line-drawing.

A preliminary step consists in defining a set of sam-
ples that will be used as models for the symbols to be
found. The signatures used allow us to represent the at-
traction forces that are exerted between the parts of an
object following a set of directions and are discriminant
features for achieving an accurate classification. Further-
more, such a signature has low time complexity and al-
lows us to recover fundamental geometric tranformations
like rotation, translation, scale factor (considering only
the shape of the F-signature), and symmetry.

A brief overview of pattern recognition approaches in
the field of symbol recognition is given in Sect. 2. Then
the notion of histogram of forces and its properties are
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recalled in Sect. 3. An approximation of such signatures
is performed to achieve efficient matching by taking di-
rectly into account the rotation factor (Sect. 4). Exper-
imental studies and a discussion about the advantages
and limitations of our approach are given in Sect. 5.

2 Related work

Despite the large quantity of technical documentation
floating around, there have been relatively few studies
on how to integrate graphics-rich information into an in-
dexing process. For instance, in this case, it is crucial
to be able to index not only on textual labels but also
on symbols or even larger graphical components. This in
turn requires efficient ways of recognizing symbols [5] or
at least identifying symbol signatures. The relatively low
volume of work in this area is probably due to the huge
variety of symbols encountered, depending on the type
of documentation to be processed. Also, the large vari-
ability of the symbols encountered in technical drawings
requires the use of invariant descriptors for identification
and recognition and hence the development of efficient
and useful invariants [29].

Simple geometrical characteristics have been used to
classify the shape of objects: the degree of compactness
and the degree of ellipticity (the axes being given by the
moments of order 0 to 2 [26]). Nevertheless, these fea-
tures and their combination often yield inconsistent re-
sults. The perimeter has a strong effect on the computa-
tion of compactness, and when the drawing is not sharp,
the use of such a feature may yield a bad classification.
Furthermore, approaches based on feature descriptors [3,
10,14] are sensitive to noise and are not robust to occlu-
sion.

A polygonal approximation of the objects could be a
solution to this problem. However, it induces loss of infor-
mation, which may result in lower recognition rates. The
degree of ellipticity is also not suited to the classification
of this type of object. Maes [16], for example, has pre-
sented a string-matching technique to the problem of rec-
ognizing and classifying polygons; but the strengh of this
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method is limited when the polygonal approximation of
the object is inconsistent. Gerdes et al. [9] have proposed
another approach based on contour-oriented 2D object
recognition that is more robust to the polygonal approxi-
mation inconsistency. Its main drawback is its time com-
plexity, especially when many models must be identified.
The generalized Hough transform [1] is also a useful tech-
nique for shape recognition, but its drawbacks — compu-
tation time and storage requirements — are substantial.
Even though improvements have been proposed [11], the
approach remains complex when many models must be
characterized. For a thorough survey of the various tech-
niques and descriptors that may be used, the reader may
refer to [15].

From a more practical point of view, when addressing
specific applications, some ad hoc systems have been de-
signed. Syeda-Mahmood uses an adaptation of the topo-
logical rules for representing the world of blocks to suc-
cessfully index a database of technical maintenance draw-
ings [23]. Her approach is based on a structural represen-
tation, a labeling step to give all the hypotheses, and a
discrete relaxation step. The symbols are not actually rec-
ognized, but sufficient structural information is identified
for the problem addressed. In another system, designed
at the Boeing company, low-level text and graphics recog-
nition tools have been successfully used in a customized
interactive environment to provide a visual information
retrieval system [2]. Once again, although very interest-
ing for the practical problem addressed, the approach re-
mains ad hoc and does not pretend to offer a generic
solution to the problem of shape recognition.

In the specific area of technical drawings, Fränti et al.
[8] have proposed using the Hough transform for content-
based matching in line-drawing images. The method pre-
sented in this paper is another approach to solving this
generic problem. We take into account complex shapes
without setting any constraints on the contours, which
can be closed or not. Whereas Fourier descriptors [12,
21,22] require computing the centroid of the shapes un-
der consideration, in order to optimize the results of the
transformation, we do not set any such constraint either.

3 Signature of a complex object

3.1 F-signature computation

In this section, we recall the scheme for computing the F-
signature of a binary graphical object, which is a partic-
ular histogram of forces [17,19,28]. A histogram of forces
can be assumed to be the calculation of all the forces
exerted among the pixels of the same object. Let ϕr be
the map from IR into IR+, null on IR− and continuous on
IR∗

+, such that:

∀d ∈ IR∗
+, ϕr(d) = 1/dr (1)

Let a1 and a2 be two points of IR2 and d the distance
between a1 and a2. The attraction force is given by ϕ(d).
The value of r defines the type of force to be used. For

example, r = 0 corresponds to constant forces, and r = 2
refers to the gravitational attraction. The generalization
to the entire object can be done by using all pairs of pix-
els. However, the histogram obtained in this way can be
noisy and strongly dependent on the angle threshold of
the histogram – as is the case in [13,20] – for the his-
togram of angles, with a complexity of O (

n2
)
arctan,

with n being the number of points of the considered
object. To overcome this problem, the use of straight
lines following a set of directions θ is considered, and the
method handles segments (see Fig. 1) in order to decrease
the processing time. The extracted forces are calculated
between segments, i.e., the attraction force of one seg-
ment with respect to another segment is computed. Let
I1 and I2 be two segments carried by the same straight
line, |I1| and |I2| their respective lengths, and Dθ

I1I2
the

distance between I1 and I2. The attraction force from I1
to I2 is given by

fr(|I1|, Dθ
I1I2

, |I2|) =
∫ |I2|

0

∫ |I1|+Dθ
I1I2

+|I2|

Dθ
I1I2

+|I2|
ϕr(u−v)dvdu

(2)

For example, the calculation of f0 corresponds to |I1| ×
|I2| when I precedes J and to |I1|2/2, assuming that I1
and I2 are superimposed; using f2, if I1 precedes I2, the

force is given by ln
(Dθ

I1I2
+|I1|)(Dθ

I1I2
+|I2|)

Dθ
I1I2

(Dθ
I1I2

+|I1|+(Dθ
I1I2

+|I2|)) .

Let A be an object of the plane; a pencil of parallel
straight lines of angle θ from the orthogonal frame of
the image, which entirely describes A, can be defined.
Let Dθ

η be one line; the set of segments of A carried by
this straight line corresponds to Aθ(η) = ∪{Ii}i=1,n. The
mutually attractive force between these segments is given
by:

F (θ,Aθ(η), Aθ(η)) =
∑

i∈1..n

∑
j∈1..n

fr(|Ii|, Dθ
IiIj

, |Ij |) (3)

All the pencils of lines Dη
θ of the plane that entirely de-

scribe A are then considered.

FAA| IR → IR+,

θ −→ ∫ +∞
−∞ F (θ,Aθ(v), Aθ(v))dv

(4)

In the discrete case, the calculation of FAA(θ) provides
an evaluation of the forces exerted by the object on itself
in the direction θ. The calculation of FAA following the
set of angles θi (θi ∈ [−π,+π[) defines the FA signature
of the object A.

3.2 Properties of F-signatures

3.2.1 Shape discrimination. The F-signature gives more
substantial information about the shape of the object
than a simple criterion of compactness degree defined by
the classical formula C = 4∗πS

P 2 , with P the perimeter
and S the surface. For example, Table 1 shows the be-
havior of both the F-signature and the compactness of
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Fig. 1. Definition of an F-signature

Table 1. Comparison between F-signature and compactness degree of elliptical shapes. The equation of the ellipse
is defined by x2

a2 + x2

b2
= 1. The compactness is defined by C ≈ 2ab

a2+b2

a circle degraded into an ellipse (the x-axis corresponds
to the angle θ ∈ [−π, π[ and the y-axis to FAA(θ)). In
this case, both measures are discriminant. The objects
are represented in black and the background in white.

However, the compactness degree does not give any
information about the spatial representation of the ob-
ject. Indeed, we can easily assume that the compactness
degrees of the two images in Fig. 2 are very similar, but
the objects have a very different spatial representation.
This is shown by their F-signature, which is in fact very
discriminant.

3.2.2 Geometric properties. The aim of our approach is
to classify similar objects independently of their location,
orientation, and size in a document. Thus it is important
to have a feature able to take into account fundamental
geometric properties like translation, rotation, and scale
factor. By definition, in the continuous case, the proper-
ties of F allow us to easily find such geometric transfor-
mations [17,19]:

– Translation: only the information of the object is
processed independently of its location in the frame
of the image. Let Tu be a translation of vector u:

FAA(θ) = FTu(A)Tu(A)(θ) (5)

– Symmetry: the forces exerted on an object are the
same following two opposite directions:

FAA(θ) = FAA(π − θ) (6)

– Scale factor: only the shape of the F-signatures is
considered. If a scale factor is applied to an object, its
histogram will be stretched. In such a case, the forces
are multiplied by a value that depends on r and on
the scale factor:

fr(k|I|, kDθ
IJ , k|J |) = k2−rfr(|I|, Dθ

IJ , |J |) (7)

– Rotation: when a rotation is applied to an object,
the histogram is shifted, as our approach is isotropic.
Let θ be a direction and r be a rotation of angle θ′
applied to an object A; this gives us:

FAA(θ) = F r(A,θ′)r(A,θ′)(θ + θ′) (8)

These properties are also valid in the discrete case, with
weak error variations, due to both the histogram and the
sampling step. Figure 3 presents an object rotated by
steps of π/8 and the associated signatures.

We will see in Sect. 4 how to find the angle of rotation
and the scale factor from the F-signature of a binary
object.
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Fig. 2. F-signature (θ between [0, 2π[) and spatial representation

Fig. 3. Effect of object rotation on the signatures

Table 2. Distances between F-signatures of original and de-
graded images with increasing noise

I I5s I10s I15s I30s

max 0:069 0:237 0:659 2:383
�� 0:043 0:13 0:315 1:185

RMS 1:8 � 6�5 6 � 10�5 2 � 10�4 7:6 � 10�4

3.3 Robustness to deformation

Various kinds of noise have been applied to a synthetic
disk to test the robustness of our approach. Table 2 presents
the variations between the original signature and the de-
graded signatures in terms of percentage (maximal differ-
ence, mean difference, and root mean square error). The
small differences obtained show the robustness of our ap-
proach.

The robustness to noise stems from function f , which
is continuous even if the segments are split into several
parts, and to the summing effect of FAA. Thus, weak dis-
parities with respect to the global structure of the object
have only a limited influence on the shape of the global
F-signature of the object.

3.4 Complexity

The time complexity for computing a histogram of forces
is in O(p · n√

(n)), where n is the number of pixels of
the image and p the number of digitalization steps of

the histogram [19]. This boundary is reached for very
highly textured images. In our approach, the complexity
is in O(p · n) when using constant-force histograms and
also in most cases when using other force histograms.
Experimental results have shown that a good threshold
is to set p at 128 (see Sect. 4.2).

For efficiency reasons, Bresenham’s algorithm [4] is
used in our implementation as it is a fast method that
minimizes error in drawing lines on integer grid points.
It approximates line segments defined by rational coeffi-
cients using only integral points. Bresenham’s algorithm
is applied only to one line to store the horizontal and
vertical shifts representing a line scanning the image fol-
lowing the direction θ. These shifts are used to define the
pencil of lines allowing one to scan the whole image (with
this approach and for a given orientation θ, any given
pixel is processed by only one line). The p directions are
then processed to define the F-signature.

4 Matching process

4.1 Context of our study

The histogram of forces gives a powerful, albeit discrete,
representation of the object. In a large database, storing
the signatures of each sample would require a consider-
able amount of memory. Moreover, matching the signa-
ture of a new sample with all those containted in the
database (with no optimization) might need a high pro-
cessing time.

Our aim is therefore to approximate the F-signatures
with a mathematical formula and to classify them in or-
der to decrease memory requirements and to have an ac-
curate indexing process.
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Table 3. Distance variations following increasing values of p

I I5s I10s I15s I30s

p = 16 4 � 10
�4

12 � 10
�4

27 � 10
�4

127 � 10
�4

p = 32 4 � 10
�4

13 � 10
�4

29 � 10
�4

127 � 10
�4

p = 64 4 � 10
�4

13 � 10
�4

30 � 10
�4

128 � 10
�4

p = 128 4 � 10
�4

13 � 10
�4

31 � 10
�4

129 � 10
�4

p = 256 4 � 10
�4

13 � 10
�4

31 � 10
�4

129 � 10
�4

p = 512 4 � 10
�4

13 � 10
�4

31 � 10
�4

129 � 10
�4

4.2 Matching discrete signatures

We have matched the discrete signature of a particular
object with the signatures of the images belonging to the
database. The signatures are normalized by the area to
take into account only the shape of the signature and
to be able to match similar objects at different scales.
The distance between two signatures is computed using
a simple similarity ratio. Let F̄A, F̄B be the normalized
signatures of objects A and B, respectively; we compute
the similarity ratio SR (by definition, if an object exists,
its signature is never empty). This ratio depends on the
scale factor and on the angle of rotation between the
two signatures. The number of circular shifts CR applied
to one signature to reach the better match is used to
compute an approximation of the angle of rotation of
the object. Let p be the number of direction. The final
expression of SR is given by

SR(F̄A, F̄B)

= 1. − max
CR∈[0,π[

∑
θ=0,p min

(
F̄A

θ , F̄B
(θ+CR)%p

)
∑

θ=0,p max
(
F̄A

θ , F̄B
(θ+CR)%p

) (9)

SR is reached following the argmax, which maximizes
CR by maximizing the classical Tanimoto index (min
over max).

Table 3 gives the influence of the discretization factor
p on SR. The first image is compared to the others. The
value of SR is given for several values of p. Results show
that a value of p set at 128 is a good threshold (greater
values gave only a difference of about 10−5).

An experimental study has shown that such a crite-
rion yields good results in most cases for our study [25].
Nevertheless, to have a better robust distance measure
and to overcome the computing of similarity ratios fol-
lowing circular shifts, we have studied the properties of
Fourier series of F-signatures. Furthermore, an approxi-
mation of the signature using Fourier series decreases the
required storage space and improves the matching pro-
cess.

4.3 Fourier series of F-signatures

As the signature is periodic, with a period π (see Sect. 3.2),
the Fourier series are well suited as descriptors and pro-
vide good noise reduction in the matching process. Let T
be the number of points of the F-signature.

xk(t) = a0 +
∑K

k=1

(
ak cos k 2π

T t+ bk sin k 2π
T t

)
= a0 +

∑K
k=1 ck cos (kω0t+ ϕk)

(10)

with

ck =
√

a2
k + b2k

ϕk = − tan−1
(

bk

ck

) (11)

That is, in the continuous case

ak = 2
T

∫ T

0 x(t) cos(kω0t)dt
bk = 2

T

∫ T

0 x(t) sin(kω0t)dt
a0 = 1

T

∫ T

0 x(t)dt
(12)

with ω0 = 2π
T being the frequency.

As the ck factors are invariant to rotation of the sig-
nature modulo π, we use a simple metric to match two
signals xk(t) and x

′
k(t):

M(xk(t), x
′
k(t)) =

∑
k=1,K

|ck − c
′
k| (13)

By definition, K corresponds to the fitting degree of
the Fourier series with respect to the discrete signature.
For every new harmonic, we estimate the global fitting
error (quadratic error between the discrete signature and
the continuous signal). The value of K therefore depends
on the discrete signature and on an accuracy threshold
that is predefined for the whole reference set.

4.4 Improving classification using sets
of samples for each cluster

To improve our approach and to have a more robust
recognition process, we used a set of more or less degraded
samples (around ten per cluster) for each cluster. For ex-
ample, the sets of F-signatures for the clusters “WC”
and “Washbasin” are presented in Fig. 4. The shapes of
the signatures are close to each other. For the sake of
presentation, the signatures are centered following scale
factor and rotations.

For each cluster we have defined a minimal, a maxi-
mal, and a median F-signature. Let Ci = {Ai

1, A
i
2, . . . , A

n
i }

be a cluster composed of n samples Ai
j ; this gives us

FCi⊕ =
{

⊕j=1,n{FAi
jAi

j (θk)}
}

θk∈[−π,π[
(14)

with ⊕ an aggregating operator like min, max, or the
mean µ̄. Let FO be the Fourier series of the F-signature
of an object O to index. If ∃i/FCi

min ⊆ FO ⊆ FCi
max, then

O is indexed to cluster i, else O is indexed (by default) to
cluster C

i=arg min D
(

FO,FCi
µ̄

), with D being the euclidian

distance.
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Fig. 4. Some F-signatures of clusters

Fig. 5. Samples used and associated F-signatures (θ ∈ [0, π[)

Fig. 6. Recognition of samples
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Table 4. Results of the matching process on drawings A and B

Object A1 A2 A3 A4 B1 B2 B3 B4

Sink 0.076 0.257 0.428 0.393 0.132 0.241 0.290 0.409
Washbasin 0.226 0.433 0.391 0.171 0.233 0.003 0.461 0.465
WC 0.500 0.678 0.058 0.451 0.464 0.423 0.698 0.070
Bath 0.252 0.080 0.642 0.637 0.334 0.476 0.064 0.675
Shower 0.347 0.526 0.748 0.304 0.478 0.386 0.555 0.770

a) Distance between samples and main graphic objects with our approach

Object A1 A2 A3 A4 B1 B2 B3 B4

Sink 8.9E2 2.41 3.3E1 4.2E1 0.79 6.15E1 1.2E1 4.4E1

Washbasin 7.5E1 4.2E2 4.3E1 0.88 9.9E1 0.48 2.4E2 5.3E1

WC 5.0E1 4.8E2 1.65 2.8E1 6.5E1 4.1E1 1.3E2 2.20
Bath 2.5E1 2.5E3 1.1E2 1.6E2 3.0E1 2.3E2 0.67 1.5E2

Shower 1.5E2 2.4E2 6.8E1 1.4E1 1.9E2 1.6E1 4.1E2 8.6E1

b) Distance between samples and main graphic objects using the Fourier descriptors [22]

Table 5. Results of the matching process on drawing C

Object C1 C2 C3 C4 C5 C6

Sink 0.049 0.102 0.378 0.311 0.292 0.269
Washbasin 0.266 0.214 0.265 0.153 0.332 0.474
WC 0.539 0.571 0.179 0.541 0.715 0.705
Bath 0.216 0.270 0.551 0.559 0.486 0.076
Shower 0.361 0.312 0.631 0.249 0.089 0.568

reality Sink Washb. WC Washb. Shower Bath

a) Distance between samples and main graphic objects with our approach

Object C1 C2 C3 C4 C5 C6

Sink 5.7E2 1.2E2 2.3E2 5.3E1 1.3E2 2.8E1

Washbasin 2.5E2 2.4E2 8.5E1 4.69 1.7E1 2.6E2

WC 3.0E2 1.3E2 1.3E2 2.6E1 6.4E1 1.1E2

Bath 1.6E3 2.1E2 6.7E2 2.0E2 4.1E2 1.9E1

Shower 1.3E2 2.9E2 5.0E1 1.3E1 0.22 3.3E2

b) Distance between samples and main graphic objects using Fourier descriptors [22]

Fig. 7. Example with degraded objects
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Fig. 8. Examples of degraded symbols found in documents that require manual closing operation to compute the Fourier
descriptors

Table 6. Improvement of the classification using sets of sam-
ples for each cluster

Object Indexing Proximity Target cluster

C1 0.130 0.043 Sink
C2 0.112 0.035 Washbasin
C3 0.105 0.062 WC
C4 0.073 0.039 Washbasin
C5 0.015 0.005 Shower
C6 0.102 0.045 Bath

5 Experimental results and discussion

To test the validity of our approach, we have selected five
classical objects from an architectural drawing. Figure 5
shows the objects and their associated F-signatures.

The scanned drawings were segmented using an im-
proved version of Fletcher and Kasturi’s well-known text-
graphics separation method [7,27]. In most cases, text
and thin graphics objects representing, respectively, the
walls and other objects are correctly segmented with this
method. When the text recovery method described in
[27] does not disconnect text touching the graphics, a
user interface allows the operator to correct the segmen-
tation errors [6]. After this user correction, when several
connected components are included in one another, the
area on which the F-signature is computed is the largest
bounding box.

Each F-signature consists of p = 128 values, and K
is defined for an error of accuracy set to 10−1 for the
Fourier series (higher precisions do not lead to signifi-
cant differences in the final results). Figure 6 presents two
examples of architectural documents. Tables 4a and 5a
give the results of the indexing process of our approach.
The recognized cluster is represented in bold in the re-
sult tables. The lowest values indicate the best recogni-
tion rates. Scores corresponding to misclassified objects
are underlined in the tables. Furthermore, for each docu-
ment, the area corresponding to an object recognized by
the matching is labeled by the recognized cluster on the
corresponding figure.

We have compared our approach with that of Rui
[22], which is based on Fourier descriptors. The author
proposes an adapted version of Fourier descriptors [21]
in order to match two objects. Tables 4b and 5b show
that the Fourier-based method is less robust than ours,
especially for degraded objects (see Fig. 8). One object
out of 14 is misclassified (C2) by our approach, whereas
5 out of 14 (A1, A2, C1, C2 et C3) are misclassified by
Rui’s approach. This can be explained by the fact that

Fourier descriptors are better suited to the description of
simple convex shapes, with closed contours. For the sake
of comparison, the contours of the objects tested with
Fourier descriptors were manually closed, and only the
external contour was taken into account.

We have also tested discrete matching using the simi-
larity ratio, as presented in Sect. 4.2. Experimental stud-
ies have shown that matching continuous signatures is
more robust than the matching of discrete signatures.
This robustness was further confirmed on degraded ex-
amples. It is obvious that the continuous signature is less
subject to noise.

In Table 6, the Indexing column gives the nearest sig-
nature belonging to the target cluster and the Proximity
column corresponds to the nearest signature belonging to
the cluster. Using such a strategy, all the objects of Fig. 7
are correctly classified (C2 has been correctly classified
in this case).

In a few cases, thin objects connected to a wall are
badly segmented. If not recovered through the user inter-
face, the main part of such an object is usually lost. Our
approach can overcome this problem in some cases. For
example, C6 (see Fig. 7) is correctly classified, although
the external border of the “bath” symbol is missing. Of
course, improvements in the segmentation itself would
also improve the indexing process. Nevertheless all the
objects, except one (F3) of the seven drawings (28 ob-
jects) given in the appendix, were correctly classified with
our approach.

6 Conclusion

In this paper, we have shown that the force signature can
be of great interest for locating and recognizing general
graphical symbols in technical line drawings. For each
document, areas corresponding to the recognized objects
are labeled by the target cluster. The computation of
such a feature is fast (low complexity) and gives accurate
classifications. The definition of such a layer can allow us
to design a system able to use queries such as “search
technical documents having more than two WC and one
bath.” Moreover, more complex queries, including a spa-
tial description of the location of the object based on
force histograms, can also be considered [18].

With only the F-signature of one sample per cluster
we are able to obtain a fully correct classification when
the document is relatively well scanned and binarized.
Using degraded objects, results can be ambiguous but
are improved by using the whole sample set.

These results are very promising; however, they still
need further validation by processing much larger databa-
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ses of technical drawings, with more graphical symbols,
to assess the discriminating power and the robustness of
the method. In this case, it may be necessary to add some
indexing scheme, both for efficiency and for discrimina-
tion. We are planning to test the construction of a binary
search tree associating each node with an F-signature.
The use of layer decomposition can also improve the in-
dexing strategy, of course. Finally, we are currently work-
ing on extending these results to more powerful and dis-
criminant signatures using the Radon transform [24].

Acknowledgements. The authors are thankful for the many
constructive and detailed comments and suggestions provided
by the four reviewers of this paper, which helped improve its
organization and content.

Appendix – some further results

Fig. 9. Example D

Fig. 10. Example E

Fig. 11. Example F

Fig. 12. Example G

Fig. 13. Example H

Fig. 14. Example I

Fig. 15. Example J
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Table 7. Results obtained from example D

Object D1 D2 D3 D4

Score 0.091 0.055 0.156 0.030
Target Sink WC Washb. Bath

Table 8. Results obtained from example E

Object E1 E2 E3 E4

Score 0.057 0.060 0.083 0.036
Target Bath WC Washb. Sink

Table 9. Results obtained from example F

Object F1 F2 F3 F4

Score 0.034 0.194 0.265 0.171
Target Bath WashB. Washb. Sink

Table 10. Results obtained from example G

Object G1 G2 G3 G4

Score 0.173 0.018 0.064 0.052
Target Washb. Bath WC Sink

Table 11. Results obtained from example H

Object H1 H2 H3 H4

Score 0.173 0.097 0.054 0.080
Target WC Washb. Bath Sink

Table 12. Results obtained from example I

Object I1 I2 I3 I4

Score 0.048 0.212 0.139 0.067
Target Bath Washb. WC Sink

Table 13. Results obtained from example J

Object J1 J2 J3 J4

Score 0.029 0.050 0.106 0.118
Target Bath Washb. WC Sink
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