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Abstract. A new rotation invariant corner detection method for architectural line drawing images is proposed in this paper. The proposed
method is capable of ﬁnding corners of objects in line drawing images by
ﬁltering out unnecessary points without changing the overall structure.
Especially, in case of diagonal lines and corners, our method is capable
of removing repetitive points. The proposed method is applied to corner
detection of walls in ﬂoor plans which in turn are used for detection of
wall edges. To evaluate the eﬀectiveness of detected corners, gap closing
and wall edge detection is performed on a publicly available dataset of
90 ﬂoor plans, where we achieved a recognition and detection accuracy
of 95 %.

1

Introduction

Even in our modern world it is very hard to ﬁnd architectural ﬂoor plans fulﬁlling
speciﬁc criteria. Most of the time, after a client speciﬁes how he imagines his
new home, the architect will go through his archive to ﬁnd similar ﬂoor plans
matching these criteria. As a next step, he will modify them to fulﬁll further
constraints. However, this manual search takes a long time, and even though it
might have a high precision rate, the recall rate is very low. In order to be able to
automate the search, the archive has to be scanned and automatically analyzed.
Automated ﬂoor plan analysis is the task of extracting information about a
building’s structure that is embedded inside an image. It is composed of several
subtasks, such as, segmenting the text and the graphics from the document,
detecting the walls and doors, and ﬁnally recognizing the diﬀerent rooms. Automated ﬂoor plan analysis is an ongoing topic of research in pattern recognition
and machine learning. Several attempts with varying goals have been made to
solve this problem: [1–3] try to reconstruct a 3D model from the 2D ﬂoor plans,
whereas [4] tries to extract the rooms and their connections. References [5,6]
focus on the understanding of hand-drawn and sketched ﬂoor plans.
Recently, we have introduced a method for automatic ﬂoor plan analysis [7].
An analysis of the results in [7] lead to the conclusion that the room retrieval
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works quite good on rooms with walls going horizontally and vertically in the
plan but fails on ﬂoor plans with diagonal walls. The main reason for these
failures were problems while ﬁnding the borders of the rooms. The algorithm
of [7] closes the gaps occurring at doors and windows and these gaps were not
correctly found.
It is to be noted that corner/feature detectors like SIFT [8], FAST [9], etc.
cannot be used in context of line drawing images. It is because they are based
on blob detection, and the points where a blob is detected is considered as a
corner/feature/key point. However, in case of line drawings the goal is to detect
corners, which can be used to approximate objects in the image, with high
precision and without excessive points.
In this paper, a novel method for corner detection in line drawing images
is presented. This method is based on the algorithm introduced in [10] and
improves it at diﬀerent points. The proposed method solves the problem of
over-segmentation, especially on diagonal lines. To show the impact of proposed
method, detected corners are used for detection of wall edges and gap closing in
architectural ﬂoor plans as done in [7]. Note, while the method of [10] is already
quite old, it is considered as the standard method and being used in diﬀerent
toolkits, e.g. in OpenCV this is a standard method for contour extraction.
The rest of the paper is organized as follows. Section 2 summarizes diﬀerent
methods available for corner detection which can be used in architectural ﬂoor
plans. Section 3 provides the insight about proposed corner detection method.
Section 4 provides an application of detected corners in ﬂoor plan analysis.
Experimental details and analysis of results are presented in Sect. 5. Finally,
Sect. 6 concludes the paper with possible future directions.

2

Related Work

In literature mostly corner detection, vectorization, and key point detection are
used alternatively. However, in context of line drawing images corner detection and key point detection are diﬀerent. This section summarizes diﬀerent
approaches for corner detection/vectorization, which can be used in context of
architectural ﬂoor plans. An overview of typical selection process of vectorization
methods is given in [11].
A corner detection method based on self-similarity is presented in [12]. A pixel
is referred to as corner, if similarity between the patch centered at the pixel
and neighboring patches, is low. Similarity is computed using sum of square
diﬀerences between patches. In [13] Harris et al. further improved the method
presented in [12] by incorporating directionality into the similarity score. To refer
to a pixel as corner it looks for signiﬁcant changes in all directions.
An approach for contour detection is presented in [10]. It can be used as
corner detector/vectorization method, because it simpliﬁes contours points by
approximating them as a polygon. These simpliﬁed points serve as detected
corners. It is based on a simple border following algorithm, with the option to
either detect only outer contours or to include inner borders.
In [14], an algorithm is proposed to approximate a digital line by recursively including points based on a distance measure. It ﬁnds the point farthest
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away from the approximated line, and includes it if the distance exceeds a given
threshold. The segments formed by this are then recursively approximated. These
approximated points are referred to as detected corners.
In [15] a method is presented to detect dominant/corner points on closed
digital curves. It is a parameter free approach that ﬁrst determines the region
of support for each point based on its local properties. Using these regions relative signiﬁcance (e.g. curvature) of each point is computed. To ﬁnally detect
dominant/corner points non maximum suppression is applied.
A method for segmentation of edges into lines and arcs is presented in [16].
The main idea is to extract corners based on edges of object. It uses a recursive algorithm that analyzes lists of connected edge points and convert them
into polygons. These polygonal descriptions are analyzed to groups of connected
lines. Finally circular arcs and lines are obtained as image description, which are
representing the corners of objects in the image.
Reference [17] approached the task of edge detection by ﬁnding points in the
binary image and combining several vectors to form more complex forms. As
this approach only return bars and poly-lines, it could lead to problems with
some walls in ﬂoor plan analysis, as some walls are curved, e.g., corner towers.
Similarly, [18] proposed an approach for corner detection based on the Chordto-Point distance accumulation.
Another corner detection/vectorization approach was introduced by [19],
which works on skeletonized shapes. The drawback is that the thickness of the
lines are only approximated. This thickness however is used for the gap closing algorithm and should reﬂect the thickness of the line at the extremities.
Reference [20] extracts local interest points as junctions by creating a skeleton
connective graph and using a wavelet transform. Similarly, [21] proposed a contour based corner detector method. It is based on magnitude of imaginary part
of Gabor ﬁlters response on contours.
All of the above-mentioned methods try to approximate objects in given
image. However, there is another class of corner/feature detector where the goal
is not to approximate the object but to locate important points (referred to as
key points) in the image. For example, LoG [22], DoG [23], SIFT [8], SURF [9],
FAST [24], BRISK [25], SUSAN [26], etc. These methods try to locate blobs using
diﬀerent masks and other information. All the points where blob is detected are
referred as keypoint. This class of corner/key point detection is not suitable for
line drawing images, where goal is to approximate objects with precision and as
less points as possible.

3

Proposed Corner Detection

Most of the systems for analysis of line drawings/technical drawings/architectural ﬂoor plans are based on vectorization. The vectorization results are considered as corners of objects in these images. These corners are further processed
to extract diﬀerent structural information in these drawing images. If the corner
detection/vectorization has errors, these errors are propagated to the next steps
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(a) Detected points on a diagonal wall

(b) Detected points near an indentation

Fig. 1. Two cases which lead to over-segmentation using [10]

in the analysis, as next steps are based on processing these points. In order to
explain our method in terms of real application, we applied it on architectural
ﬂoor plans and compared our results with the method used in [7].
In [7] corners for wall image in architectural ﬂoor plans are detected using the
method in [10]. However, using the method in [10] for corner detection from wall
image inherits diﬀerent drawbacks. As shown in Fig. 1a, the method in [10]
worked correctly only for perfectly horizontal and vertical walls. However, if the
walls were diagonal, many excess points would be detected along those walls,
thus splitting a long edge on wall into several smaller ones and leading to oversegmentation. This over-segmentation will lead to errors in next steps, where
each wall edge is processed for closing the gaps on the probable locations of
doors and windows.
A second case which could lead to over-segmentation is when the walls don’t
have clean lines, but have some noise added to the edges. The most notable causes
were binarization and removal of doors/windows, where small indentations were
left on some of the wall segments, as shown in Fig. 1b.
The proposed corner detection improves the method in [10] by ﬁltering out
the points that appeared through over-segmentation on diagonal lines. To ﬁlter
every point, it calculates the distance to the line connecting the previous and
the next point. This distance indicates whether the point was necessary or if it
appeared because of an over-segmentation of a horizontal edge.
The equation of the line passing through P1 (x1 , y1 ) and P3 (x3 , y3 ) has the
general form:
l≡a ∗ x + b ∗ y + c = 0
(1)
The distance of a given point P (x, y) to l is deﬁned as:
distance(P, l) =

a∗x+b∗y+c
√
a2 + b2

(2)

Points can now be ﬁltered out using the following formula:

T rue if distance(P2 , l) < Θd
discard(P2 , l) =
with Θd = thesholddistance
F alse else
(3)
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The proposed method needs as an input only the ordered list of detected
points, as well as the threshold Θd mentioned above. The order list of corner
points is created by traversing and arranging all the detected points in clock
wise direction.
Algorithm 1. ﬁlter cornerpoints
Input: A threshold threshold
An ordered list containing the detected points Ordered points list
Output: A ﬁltered ordered list of points
point list ← Ordered point list
i←0
while i + 3 < len(point list) do
P 1 ← point list[i]
P 2 ← point list[i + 1]
P 3 ← point list[i + 2]
line ← get line(P 1, P 3)
d ← distance(P 52, line)
if d < threshold then
del point list[i + 1]
else
i←i+1
end if
end while
return point list

In Fig. 3 there is an over-segmentation of the two diagonal lines because of
the detected points P2 and P7 /P8 . The proposed method will consecutively check
the detected points if they meet the distance threshold (Fig. 2).
It is important to note that if consecutive points are close together, only the
last one will be kept. In rare cases however, each point is needed to retain the
shape of the wall, most notably in corner towers. This can be solved by not only
considering the three consecutive points, but increasing the index of the right
delimiter as long as all the points between the two corners deﬁning the line lie
within the deﬁned distance threshold. However, as these are very rare, the very
small increase in the detection rate did not outweight the decrease in recognition
accuracy of the gap closing evaluated in Sect. 4. In the example in Fig. 3, it is
not clear which point should be kept (P7 or P8 ). As these are very rare, it is
acceptable to lose some information in this case. In another rare case, a small
indentations indicates that a door closes as this position. This information is
unfortunately lost (see Fig. 4).
Another important point to note is that this proposed method is diﬀerent
from [14] in the way that it is more robust against over-segmentation by calculating the distances of the points to diﬀerent segments than the method proposed
by [14]. This can lead to diﬀerent results, as seen in Fig. 5. Figure 7 shows an
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(a) input wall segment

(b) Detected corner
points using [10]

(c) step 1 discards
P2

(d) step 6 discards
P7

Fig. 2. Diﬀerent stages of the proposed method with Θd = 1.5

(a) step 1 selects (b) step 2 selects
the ﬁrst and the last the furthest point
corners as starting to the segment, P5
conditions

(c) step 3 recur- (d) step 4 includes
sively reestimates P4
both segments until
distance < Θd for
every corner

Fig. 3. Diﬀerent stages of [14]

undersegmentation that happens when applying [14]. Our proposed approach
works locally, meaning it only needs to calculate the distance of a single corner,
whereas [14] needs to compute the distances of every corner on the segment.
The detected corner points can be used for diﬀerent purposes. In [7] these
detected corner points are used for extraction of parallel wall edges, which in
turn are used to close the gaps on the probable location of door and windows. To
show the eﬀectiveness of our improved corner detection method, we have applied
our and several diﬀerent corner detection methods on architectural ﬂoor plans
and evaluated the gap closing (See Sect. 4).

4

Gap Closing: An Application of Corner Detection

Gap closing is a process in architectural ﬂoor plan analysis which is performed
to ﬁnd the closed regions of rooms in the ﬂoor plan. It is performed on the edges
which correspond to the parallel walls, as these are the probable locations of door
and/or windows. Wall edges are constructed using detected corner points (for
more details on wall edges see [7]). Therefore, if there is an error in corner point
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(a) Detected corner points using method in [10]

(b) Detected corner points after ﬁltering

Fig. 4. Failure case: a small indentation is lost where a door might possibly connect

(a) Input wall image

(b) Extracted corners using [10]

(c) Detected corner points using [14]
with Θd = 1.5

(d) Detected corner
points using the
proposed method
with Θd = 1.5

Fig. 5. Comparison of the proposed method and [14], both with Θd = 1.5 Note that
[14] was not able to ﬁlter 2 noisy points on diagonal lines.

detection (over/under segmentation) it would propagate to wall edge detection
and then to gap closing.
Here gap closing is presented to show that our method has improved detection
and recognition accuracy remarkably by resolving errors in corner point detection
in [10] which was used in [7]. Gaps are closed by connecting pairs of previously
detected edges, which fulﬁlled several conditions:
– The angles of the rectangle created by connecting the two edges should be ∼
90◦ . This ensures that the edges are aligned.
– The area between the two edge candidates should be empty. This ensures that
two edges will not be connected if they are separated by another wall.
– lengthedge1 <= 2 ∗ lengthedge2 . This ensures that edges are only connected
if they have approximately the same length (as is almost always the case in
architectural ﬂoor plans).
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(a) Input for gap
closing

(b) Expected result for gap closing

(c) Gap closing
with corner points
by [10] and [14]

(d)
Gap
closing with corner
points by proposed
approach

Fig. 6. Gap closing

– lengthedge > threshold1 . This removes some edges which exist because of
noise.
– lengthedge < threshold2 . This removes connections that would be formed by
connecting the walls of a hallway for example.
Figure 6 clearly shows that the gap closing using the detected corner points
by proposed method solves the over-segmentation of the diagonal lines, and thus
introduces a rotation invariance to [10]. It is important to note that if even one
of two corresponding edges is over-segmented, the gap closing will not work. It
is therefore crucial that the proposed method solves this problem reliably.

5

Experiments

5.1

Evaluation Method

The evaluation method introduced by [27] is used to evaluate the proposed methods. It is able to evaluate exact matches as well as partial matches.
The detected regions are compared to the ground-truth regions by calculating
the overlap between them and determining several parameters:

g
g
d
d

one to one is the number of detected regions which overlap with exactly
one ground-truth region
one to many is the number of ground-truth regions that overlap with more
than one detected region
many to one is the number of detected regions where more than one detected
region overlaps with a single ground-truth region
one to many is the number of detected regions that overlap with more than
one ground-truth region
many to one is the number of ground-truth region where more than one
ground-truth region overlaps with a single detected region
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To determine these parameters, the overlap between each pair of detected
regions and ground-truth regions is detected using the following formula:
Let d[i] be the ith detected region, g[j] be the j th ground-truth region:

area(d[i] g[j])
match score(i, j) =
(4)
max(area(d[i]), area(g[j]))
If match score(i, j) > acceptance threshold, the overlap is kept. By building
a table containing every possible combination of detected regions and groundtruth regions (called match score table), the aforementioned parameters can
easily be deduced. These parameters are then used to calculate the detection
rate and recognition accuracy of the evaluated method:
DetectionRate =

one to one g one to many g many to one
+
+
N
N
N

(5)

one to one d one to many d many to one
+
+
(6)
M
M
M
with N = number of ground-truth regions
M = number of detected regions

RecognitionAccuracy =

5.2

Results

Gap closing has been evaluated for the original system presented by [7]. It is
compared to the gap closing using the corner point detected in this paper. The
results for gap closing with the diﬀerent types of corner point detection are
summarized in Table 1.
The data set consists of 90 architectural ﬂoor plans1 , which are rescaled to
a smaller size. This ensures that all the walls have the same thickness, and the
same thresholds can be used on all images for edges that are to small/big. If
the images had not been resized to the same size, a diﬀerent threshold would
possibly have to be chosen for diﬀerent sizes of the images. An example of the
ﬂoor plans can be seen in Fig. 7.
5.3

Performance Analysis

The proposed algorithm needs to calculate the distance from every point to the
line connecting its neighbouring points exactly once. To compute this, it needs
to ﬁrst compute the parameters a, b, c of the line, and subsequently the distance.
It runs in O(n).
In comparison, the method proposed by [14] needs the same computation
steps to calculate the distance. However, as it needs to calculate all distances of
the given segment in every iteration, it runs in O(n log(n)), with a worst case
scenario of O(n2 ). The algorithm proposed in this paper works more eﬃciently,
while still conserving the original shape of the contour.
1

The actual image size is 2479 ∗ 3508. For making the analysis process more eﬃcient,
isotropic down scaling to 1413 ∗ 2000 has been applied.
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Table 1. Results for gap closing
Detection rate Recognition accuracy

5.4

Original system

54.5 %

51.27 %

[15] with L curvature

95.88 %

92.46 %

[15] with K curvature

95.77 %

92.34 %

[14] with Θd = 1.5

93.39 %

93.46 %

Proposed method (Θd = 1.5)

94.99 %

94.40 %

Proposed method with multiple
corners (Θd = 1.5)

95.01 %

94.14 %

Analysis

First, it should be mentioned that the threshold has been determined manually.
The idea behind the value of this threshold is that over-segmentation happens
because of binarization on not perfectly horizontally aligned lines. Therefore,
our proposed value is small enough to correct small errors that lead to the oversegmentation, but not too high that it would lead to cutting of actual corners.
The gap closing criteria using the proposed corner points clearly performed
very well. Unclosed gaps are mostly edge cases, where gaps have to be closed on
curved walls (i.e. corner towers) or the walls don’t align (i.e. windows or doors on
corners). The proposed corner point detection improved mostly diagonal edges,
even if noise is added due to binarization.
The wall edge detection using the corner points detected by the proposed
approach performed very well on the evaluation data. It was able to solve the
over-segmentation problem of the previous method. Also, this method of edge
detection is rotation invariant, which is a big advantage for analysing scanned
ﬂoor plans.
It is important to note that the data set consists of ﬂoor plans that are all
perfectly aligned with the frame of the image. Thus, only diagonal walls really
proﬁt from the improvements of the edge detection. If the data set had featured
scanned ﬂoor plans, the diﬀerence would have been a lot more noticeable, as the
horizontal and vertical lines would have been subject to the over-segmentation
problem mentioned earlier.
The disadvantages of the proposed method are that ﬁne details on the walls
(i.e. small indentations) can be lost during the ﬁltering process. This eﬀect can
be seen in Fig. 4. A second noteworthy point is that if wrong corners have been
detected close to a real corner, it is possible that the real corner will be ﬁltered
out, and one of the other wrong corners will be kept. This can lead to the eﬀect
that the corner appear to drift a small amount from the expected position.
However, as this method is used as a preprocessing step to perform gap closing
to delimit the rooms from outside, both of these drawbacks have little or no
impact on the ﬁnal performance due to the use of information from other steps,
e.g. door detection.
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(a) Floor plan from the data set

(b) Extracted walls

(c) Walls redrawn after extracting the corners with[15] (n.b. the walls are heavily oversegemented)

(d) Walls redrawn after ﬁltering the corners
with the proposed method (the walls are no
longer over-segmented)

(e) Walls redrawn after ﬁltering the corners
with [14]

Fig. 7. A ﬂoorplan from the dataset

6

Conclusion and Future Work

In this paper, an improved corner point detection method based on border following algorithm is presented by improving the method in [10]. This method
rendered the algorithm rotation invariant, as the diagonal edges are no longer
over-segmented into smaller ones.
Afterwards, several criteria for gap closing based on the distance measure are
used in order to close the outer walls of a building. Although they seem simple
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and straight-forward, they achieved a very high detection rate, as well as an
equally high recognition accuracy.
At present, the thresholds used during the evaluation were estimated by trial
and error. This achieved good results, as the analysed ﬂoor plans are rescaled to a
ﬁxed size before the analysis process. To further improve wall edge detection, the
distance threshold Θd parameter could be dynamically calculated by estimating
the thickness of the walls. This would render the process less prone to varying
input sizes.
The gap closing could also beneﬁt from dynamically calculated edge length
thresholds, as well as the error tolerance that they are granted when deciding
whether to connect the edges or not.
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