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Abstract: In range images, edge detection is a hard task because of high levels of noise and distortions, produced at image acquisition.
However, detecting edges in range image allows to enhance region-based segmentation, which is a key step for any further step in
image analysis and understanding. To deal with the hard problem of range image segmentation, we propose in this paper a combination
of an edge-based and a region-based methods for the segmentation of noisy and distorted real range images. The proposed combination
is based on the relaxation of the detection results of both edges and regions. For region-based segmentation we have proposed a new
multi-seed region growing algorithm using curvature as homogeneity criterion. For edge-based segmentation, we have detector adapted
the Canny filter by taking into account a vectorial representation of raw data in range images. So, the two resulted sets of edges are
obtained from two different representations of the same image data. The principle of the introduced method consists in matching the
two segmentation results as a mutual self-regularization, and whose objective is to produce an optimal final segmentation with respect
to a given criterion of optimality, expressed by a well appropriate energy-based objective function. The optimal solution, considered
as unique, is calculated by the simulated annealing algorithm, and consists of the best edge map that can obtained on the processed
range images. The experimental results, using the ABW database, show better results compared to those obtained by the classical
Canny detector. So, we can conclude that the proposed relaxation-based combination allows more efficient segmentation of range images.

Keywords: Range Image,Edge detection, Region-based segmentation, Relaxation.

1. INTRODUCTION for further processing, it is hard to perform, because of noise

Increased availability and low cost of range images that ~ and distortions that are high in such images.
have followed the commercialization of Kinect scanners
[1], has allowed easy access to this type of images, and
has seen the emergence of a new family of methods for
processing this kind of images, aiming at providing an
unambiguous representation of the observed scenes [2],
unlike 2D images, where visual 2D data do not allow well
understanding the geometry of the observed objects. The
combination of various representations of image data allows
the improvement of the processing results of this type of
images, including the segmentation results. Obviously, the
availability of labelled data has allowed the appearance of
a large number of works that have used machine learning
techniques for image segmentation in general and range
images in particular [2], known as semantic or object-
oriented segmentation. However, scaling up for this type of
method is not easy; the fact that the images to be processed
may not have common characteristics with those having
served as training data [3]. It is therefore still necessary
to propose model-based or heuristic-based methods for the
segmentation of images, including range images. For this
kind of images, edge detection, which can be very helpful

In this work, aiming at efficiently segmenting range im-
ages, we propose a cooperative relaxation-based range im-
age segmentation method. Its principle consists in matching
the detection results obtained on the basis of two different
representations of the images: representation oriented edge
detection, and representation oriented region segmentation.
For the latter, we perform a region-growing using Gaussian
curvature [4] as homogeneity criterion. The borders of
the resulting regions are considered for matching with the
results of segmentation by edge detection, obtained by a
Canny filter adapted to range images [5]. The obtained
two border maps are matched for mutual self-regulation by
relaxation based on an introduced objective function, well
suited for this purpose. Relaxation allows simultaneously
improving the edge map of the processed image. The final
result is optimal with respect to the objective function, and
is obtained by minimization of the latter using a meta-
heuristic, namely simulated-annealing. We conducted ex-
periments using a well-known range image database ABW
[6]. The obtained results showed the interest of the proposed
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method to produce an accurate edge map that allows reliable
segmentation of this type of image.

The remainder of the paper is organized as follows:
In section 2, we present a short state of the art of range
image segmentation methods, including those having used
range data from RGB-D images. Section 3 is devoted to the
proposed method where we show region-based segmenta-
tion and edge detection in range images using two different
representations. We also show how the results are combined
using a self-regularization principle based on relaxation.
The experimental results are presented in section 4, and
will be followed by an analysis and a discussion. Finally, a
conclusion summarizes our work and outlines its potential
perspectives.

2. RELATED WORK
A. Range Images

A range image is a three-dimensional representation of
a real scene, captured by a device, usually active and laser-
based. It is a matrix of pixels, where at a given pixel (x;y)
is stored the depth, representing the distance from this point
to a given observer. The range image is not intended to be
seen by a human being, because what it contains are not
colors or gray levels but distances. This feature, as well
as the high level of noise in this type of image, makes it
difficult to process, especially to segment. For three decades,
dozens of methods have been proposed [7] without any of
them being able to effectively segment this type of images
unlike for methods that process color or gray level images,
where segmentation is usually efficient.

B. Range Image Segmentation Methods

Since several decades, and in order to provide reliable
and real-time vision systems, numerous authors have pro-
posed different methods and architectural models for range
image segmentation. Poppinga et al.[8] deal with incremen-
tal aspect in 3D range image segmentation. They proceed by
optimally select neighbor pixels when the region growing
is performed, and where the plan equation is incrementally
updated after each pixel is included to the region. Aiming to
provide a fast range image segmentation, Holz and Behnke
[9] introduced a novel method that compute surface meshes,
plan equations, and curvatures. After that a region growing
is applied to the resulted features in order to produce a
region based image segmentation. Aiming at providing a
navigation system for autonomous robots, Stuckler et al.
[10] proposed a segmentation algorithm that uses surface
normals as features and where they are computed by fitting
the best tangent plans. An unsupervised clustering on com-
puted normal vectors allows generating the whole image
segmentation. Buyssens et al. [11] used superpixels with
range images aiming to enhance segmentation performance,
namely the accuracy. Indded, in addition to performance
purpose, it has been noticed in different papers that us-
ing superpixels to reduce the complexity of computation,
mainly in low-level image processing, including image
segmentation [12].

For more than ten years, several authors have proposed
different techniques for indoor scene understanding and
analysis with promising results where they used range data,
extracted from RGB-D images [13], [14], [15] and [16]. The
latter are formed by two aggregated images, one containing
color data and the second the depths of observed points of
the scene. Some of these researches incorporate depth as
complementary information with color images. Extraction
of various features, kernel design, and pixel classification
using trained classifiers are typical approaches to the RGB-
D scene analysis problem. As a sample, [15] suggested
contextual models in a supervised environment. Their model
combines a segmentation tree and a superpixel Markov
Random Field with kernel descriptors (MRF). To do this,
they added the global probability of borders (gPb) of range
image to the well-known gPb-UCM algorithm [17]. By ap-
plying watershed to the gPb of the RGB image, the RGB-D
scene analysis approach provided initially by [16] produces
an over segmentation of the scene. The over-segmentation
is then aligned with the 3D plans. Finally, They apply
a hierarchical segmentation to integrate regions using a
trained classifier. The gPb-UCM [17] approach was recently
expanded by [14] to include supervised settings. First, they
integrate monocular signals like as brightness, color, and
texture with geometric contour cues such as convex and
concave normal gradients. Then, using learned classifiers
for 8 distinct orientations, they identify pixels as contours.
Recently, semantic segmentation has been successfully ap-
plied to RGB-D image segmentation, as shown in [18]
where the authors improved a previous deep learning-based
model aiming at reducing the model parameters. So, they
were able to produce a hierarchy of segmentations from
all oriented detectors. Each of the strategies listed above
employs a supervised approach to merge or fuse various at-
tributes or information obtained from them. In [13], authors
examined the unsupervised setting-based fusion of color and
geometry and provided a solution utilizing the normalized
cut spectral clustering algorithm. Their strategy entails
choosing the best multiplier to strike a balance between
depth and color. The method described by the authors in
[19] involves first extracting the edges from an RGB image,
applying Delaunay Triangulation to the edges to create a
triangular graph, what allows finally the use of Normalized
Cut Algorithm. In a subsequent stage, they use RANSAC
[20] to extract planar surfaces from the segments, and then
they merge the coplanar segments by employing a greedy
merging technique. In addition to these strategies, joint
color and depth picture segmentation is added to the well-
known graph-based segmentation [21]. For instance, [22]
expanded it to include color disparity in order to segment
stereopsis images. The graph-based approach was expanded
in [23] by the incorporation of surface normals to segment
colored 3D laser point clouds. An other developed model
called Scene-SIRFS [24] seeks to extract fundamental scene
features from a single RGB-D image. It takes into account a
combination of shapes and illuminations where the combi-
nation consists of are encapsulated in a 17-eigenvector soft
segmentation. These eigenvectors are derived from the input
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RGB image's normalized Laplacian. A method for RGB- to enhance the nal edge map of the image.

D image semantic segmentation based on the interactive o _ i
conditional random eld was proposed in [25]. Authors of ~ Edge detection is performed using the plan equation
this work claim that this method may be successfully usedParameters, adjusted locally at the level of image pixels.
to segment complicated and varied real-world situationsUnlike 2D images, the gradient that will allow the detection
In this Study, the conditional random eld approach Wascntenon will be Calculat.ed as the.Ch?renCE of the para.m-
used to approximately segment the image with the goagters of the corresponding equations of the plans. Finally,
of reducing image noise and data loss. Morphologicathe two maps, respectively of region borders and of detected
reconstruction methods were then employed to enhance tf¥ges, are matched in order to produce a nal edge map,
segmentation result using a platform for human-computeivhat allows to precisely delimiting the objects appearing in
interaction. Stuckler et al. [26], who also recover objectthe image. The following gure (Fig. 1) shows the principle
segmentation and motion simultaneously using a piecewisef the proposed method.

rigid motion model and energy minimization. Shaoguo Liu

proposed a new energy minimization method to Il the

missing regions and remove noise in a range image [27].

Recently, some authors used unsupervized approaches to
segment 3D point Clouds. Zihui Zhang et al. [28] proposed
an unsupervised semantic segmentation of 3D point clouds
that they call GrowSP. Their principle consists in discov-
ering 3D semantic parts by incrementally growing points.
The proposed method proceeds in three main steps, 1)
feature extracting to learn per-point features, 2) Superpoint
constructing to incimentally grow the superpoints, and 3)
Semantic primitive clustering to merge superpoints in order
to obtain semantic elements. Moreover, region rowing-based
segmentation still be used, in particular for 3D point cloud
segmentation. Yu et al. have introduecd a curvature-based
region growing for 3D point cloud segmentation [29]. The
seed selection issue was resolved by considering the point
with the smallest curvature as the region seed. A con dence
interval is calculated according angles between surface
normals then used to assimilate points to the regions.

We have noticed that most of recent methods are
machine-learning based, which make them very computa-
tionally complexes. Furthermore, they used one or more
data modalities, but never several representations. We in-
troduce in this paper a novel cooperative relaxation-based
method that exploits two derent representations of range

data in order to enhance range image segmentation. Figure 1. Principle of segmentation of range images by relaxation

3. A Relaxation-BasedM ethod for Rangel mageSegmen ) ) )
tation B. Multi-Seed Region Growing

We use the Gaussian curvature expressed by formula
. . : , as a criterion of homogeneity for the region growing
First, two segmentations are produced independentl n range images, where recorded depths are scalar values,

?; resscehntg';[igir, ofa ?r? e tg ;abé tlrjﬁeini?n ;OL ena;:rq ela eg'err;t i OI,]r_anged between 0 and 255. The growing of regions begins
P ge, y 9 ith a random selection of a set of seeds in the image.

oriented representation and an edge-oriented one. With tﬁg . A .
: ; . owever, a seed is accepted for growth if its neighbourhood
rst representation, we perform an extraction of thealient onsists of a homogeneopus Iocalgregion of the irrgllage. There-

regions of the image based on a new multi-seed regio e
growing, and by considering the Gaussian curvature as rE(ljre, we calculate the standard deviation of the curvatures

criterion of homogeneity. Next, a map of the edges obtained]! 1€ ?elgh?rc])urhooq of J'[P’tahsee'?’ "’(‘jnd(;h; 'ﬁ!ttte_f |s_a(‘icepted
from the borders of the extracted regions is calculated, an a%oglr(]:g?taine t%rrg\évrl:z)?ﬂrl eI>S< Sr:snsir?r thgvflgclfrt]h:t ?r‘]’}’sr
which will be matched subsequently to the map of edgesr [ region is homoaeneo P 9

obtained from the second representation. So the two basi@Cd r€gion IS homogeneous.

techniqugs, respectively edge—based and regipn-based are The Gaussian curvaturé at point y) of the image
cooperatively employed on the basis of relaxation in ordeyy s expressed as follows:

A. Principle

https://journal.uob.edu.bh
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C. Edge Detection

129190 192 As the image data are not colors or gray levels, it is not
Ks ——— (1) e cient to proceed by calculating the gradient of depths
1+12+ I}‘? and use it with the Canny algorithm. Indeed, discontinuities

can exist in the depth data without the corresponding points
being edge points [7]. As a result, we took a vectorial
representation of the image data by calculating at each pixel
eof the image the equation of the plan [30], then using the
should be null inside the surfaces, which are in this case atdewatlon of the parameters as the magnitude of the gradient.

and therefore the numerator of the curvature expression %helqther stag5es rergalrr]]_thhe samt()e as Canny de(;ectofr fltl)r gray
su cient to characterize homogeneous pixels (belonging t&cVe! images [5], and which can be summarized as follows:

the same plan). At the end of the growing of the regions that
having started from dierent seeds, the dérent obtained
sub-regions are merged, and thus the nal region-based
segmentation is obtained. The following algorithm shows
the multi-seed region growing algorithm.

Where 9, 10, 122, 10, 120 are the partial derivatives of

order 1 and order 2 in th& andy directions. For range
images containing only polyhedral objects, the curvatur

1) Noise smoothing, using a Gaussian Iter, with
= 1:6 and a convolution mask of size 5x5.

2) Calculation of the gradient image using the Sobel
operator, where at each pixek;{) are stored the
Algorithm Multi-seed increase norm of the gradient, and its direction, expressed

by the angle of the gradient vector with tieaxis.

Algorithm 1 Multi-seed growing
Input:Range imagd ,min_seedgnax_seeds
Output: all regions
BEGIN
for i ranging from 1 to number of seed®
repeat
(xgyg) (random{imagewidth); random
(image.height))
x  standard deviation of curvatures of neighboring
pixels of (xg,yqg)

3) Removal of pixels whose gradient norms are less
than the local maximum, in the direction of the
gradient vector.

4) Hysteresis thresholding of the edge points obtained
in the previous steps, by using two adequate thresh-
olds.

D. Relaxation-Based Edge Matching

untl T First, it should be noted that several edges detected by
region  Increasefronixg yg) Canny are to be discarded, because they are located inside
end for the surfaces of the objects, and do not correspond to any
numberofregions numberofseeds borders of the surfaces. In fact, the surface borders are the
repeat only true edges in the range images. Thus, any detected
regionl  randon(numberofregions edge by Canny and is located far from the region borders
regior2 randon(numberofregions in the depth image is simply discarded. After removing such
if (regionl, region2) AND (regionl adjacent to region2) edges, the resulting edge maps from the two segmentation
AND javerageofcurvaturesofregi@n averageof methods are relaxed. Let us denoteQy andC, the edge
curvatures of regionx T, then maps obtained respectively by the extraction of the borders
new region merge region 1 and region 2 from the segmentation of the image by region growing and
delete regionl by the edge detection using Canny algorithm.
delete region2 .
add new region 1) Removing False Edges
number of regions number of regions -1 The edge points fron€, whose minimum distance to
end if all of the edges points ¢, are simply deleted. These edge
until number of regions unchanged for a long time points are due to signi cant deformations of the data during
END. acquisition, especially when the corresponding surfaces are

not exposed to the observer (laser detector). The following

) algorithm shows how this set of points is removed from the
Tm and T are respectively the mean and standardc, set.

deviation thresholds of the curvaturés of the surfaces.
They will be initialized experimentally using a subset of
training images (see 4). After extracting the regions, all of
their borders are extracted, in order to be latter matched to
the set of edges, detected by Canny detector.

https://journal.uob.edu.bh
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Algorithm Remove fromC, expressing the a priori that the two sets of contours are
identical in ideal conditions. The second is the external
Algorithm 2 Remove from C, energy, denote&® expressing the adequacy of the detection
Input: SetsCy; C, with respect to the image data. The overall energy is
Distance thresholdy weighted sum of the previous energi€s= E'+ E°.
Output: C,

Initially E' is maximal expressing the dérence which
exists between the two se@®; and C,. The objective of
the relaxation is to minimize this enerdgy', under the
constraint of not highly raising the external energ§ .
The latter is zero at the start of the relaxation, expressing
the adequacy of the detection with respect to the image
data. Then, it will be increased according to the alteration

BEGIN
for any pointp in C, do
min_distance 1
for any point q inC; do
if distance p;q) < min_ distancethen
min_distance distancép;q)

end if of setsC; and C,, where the energyE' is at the same
en?jn%rfor time reduced. We consider that the optimum of the energy

function E represents a balanced detection between the two
representations "Regions” and "Edges”. The factoris
used to balanc&' and E® because the latter are expressed
according to dierent data (distances on the one hand, and
norm of the gradient and curvatures of Gauss on the other
hand). This parameter will be initialized experimentally.

if min_distance< Tq4 then
Removep from C,

end if

END.

E' is expressed as the sum of the distances between the
2) Removing Of Noise Edges In The Range Image points of setC; and the closest points of s€b. Note that
These are points erroneously detected as edge points is zero in the case of superposition of the two seis
according to the representation by region, due to noisendC,.
regions. It is possible that a whole region of noise in

the depth image is detected as a homogeneous region, X
and therefore its equivalent does not appear in the E (C.:C,) = infd(o: 2
edge representation image. The following algorithm shows (€1 C2) p2Gs 29&2‘ (p:Q)g (2)

how the edges of these regions are removed from thé;set

E€ is expressed as a function of the norms of the gradient
Algorithm Remove fromC, vectors of the points in the s&l, and of the Gaussian
curvatures of the sef;:

Algorithm 3 Remove from C;
Input: SetsCy;C, X h k X
Distance thresholdy E®(Cy;Co) = A+B Kp Tq 3)
Output: Cq p2C, 02C;
BEGIN
for any pointp in C; do With
min_distance 1
for any pointq in C, do X j k
if distance p;q) < min_ distancethen A= Kp (4)
min_distance distancép;q) p2C?
end if
end for
end for And
if min_distance< Tq4 then X
Removep from C; B= r (5)
end if )
END. e
Where

3) Energy Function For The Relaxation On The Seis C _ C{ andCj are respectively the initial subsets ©f and
and G C,, obtained by increasing regions, and by detecting edges.

We express the energy function as a sum of two Op_Note th(;at E® is 0zero at the beginning of the relaxation
posing energies. The rst is an internal energy notéd C1=C;;C2=C; .

https://journal.uob.edu.bh



942 Imene Belloum, et al.:A Cooperative Relaxation-Based Method for Range Image Segmentation

Formally, the optimal edge map of the processed imagedi er according to the methods, their principles and their

can be expressed as follows: objectives. For the region-based segmentation methods, the
X 4 criteria adopted by the authors of this type of methods
C=Ci[ Co= arg_rcnax Qg&gfd(p; Qg+ A+B are: the number of correctly detected regions, the number
X hL i( P)Z(Cl ©) of under-segmented regions, the number of over-segmented
K !r g regions and the noise regions. However, for edge-based
52C. P 62C a methods, such as ours, several metrics could be used such
' ? as Precision and Dice index [31].

4) Optimal Computing of Solution A. Parameter Selection

The objective functionE, is complex and concave,  The 10 training images are used to adjust the parameters

depending on a large number of variables points of theyf the method, namelyTm, T , Tq, and , respectively

subsetsC, and C;, we opted for the meta heuristic of thresholds of the average of the curvatures, threshold of
simulated annealing to calculate the minimumfand  the standard deviation of the curvatures and the threshold
so obtain the optimal solution, expressed by the resultingf the minimum distances (used by removing algorithms
subset<C; andC,. In this case a solutioB is expressed by  of the points of the two set€; andC,), and the external

the pair of subsets;,C,). A neighboring solutior8®0f S energy weight. We varied the values of the 4 parameters,
is obtained by randomly and locally modifying the position and we keep the values corresponding to the maximum of

of asubseC Ci[ Co. o ~ correctly detection expressed by the precision metric, which
The following algorithm is the application of the sim- js expressed as follows:

ulated annealing metaheuristic Algorithm Relaxation-By-
Simulated Annealing

Number of edge points correctly detected 7

Algorithm 4 Relaxation-By-Simulated Annealing Precision = Total number of edge points (@)

Input: SetsCy;C,

Output: C We opted for the precision metric because it does not include
BEGIN false positives, which can be numerous in the set of edges obtained
C C[C from the region-based segmentation. Indeed, most of these edges
T=1 are doubled; because they are formed from the two borders of the
while C still changesdo corresponding adjacent regions (see Fig. 2.e).

)I?an(io:n(lil g(;t argr?ldngr%(, y) from € B. Visual Results
y y+(1 2 random We start the evaluation of our method by introducing a visual
if p2Cy then result of the detection according to the two representations then
Cg Ci=fpg [f(X;Y)g the nal segmentation following the relaxation operated on the two
else sets of contours, by region growing and by edge detection using
szJ Co=fpg [f(Xy)g Canny lter. Figure 2.a shows a range image of the test set, namely
end if abw.test.10. The display is carried out by a rendering procedure,
if (E(CO; Cg) < E(C1;Cy)) OR (andom< e T) allowing a visualization of the surfaces by the re ection of a
then simulated light [30] on the surfaces calculated from the raw data.
/I accept the new solution Figure 2.b shows the ground truth of edge detection, calculated
c, C° from the ground truth of surfaces provided by the ABW database.
C, CEJ Figure 2.c shows the edge detection results using the Canny
end if 2 algorithm with the gradient vector composed of the 3 parameters
T=1 ) T (a;b; c) of the plane equatioz = ax+ by+ c. Figure 2.d shows
end while the results of multi-seed region growing with the surface curvature

as homogeneity criterion. Figure 2.e shows the edges representing
the borders of the surfaces detected by region growing. We note
the doubled thickness of such edges contours, because the latter
are formed from the two borders of the adjacent surfaces. Figure
4. Experimentation 2.f shows the nal segmentation result expressed by the edges

We considered the ABW range image database [6]gtét§iig(re1d3;ollowing the relaxation of the two se@s andC, (see

which is widely used for range image segmentation. The
database contains 10 training images, initially used to esti-
mate the parameters of the segmentation methods involved
in the comparative study provided by Hoover et al. [6],

and 30 test images with their ground truth segmentation,
for the evaluation of the methods. The performance criteria

/l The nal contour isCy[ C;
END.

https://journal.uob.edu.bh
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TABLE |. Edge detection accuracies of the 30 test images: Results of
Canny detector, on the “Raw” data (Raw), and using the aients
of the equations of the plans (Plan).

Image 0 1 2 3 4
Raw | 0,7461| 0,6411| 0,6917| 0,7827| 0,6903
Plan | 0,9223| 0,9543| 0,9536| 0,9305| 0,8921

Image 5 6 7 8 9
Raw | 0,7025]| 0,6856| 0,5064 | 0,7376| 0,6573
Plan | 0,9225| 0,9412| 0,9746| 0,9289| 0,9492

Image 10 11 12 13 14
Raw | 0,6029| 0,6548| 0,7485]| 0,5925| 0,6108
Plan | 0,9475| 0,9274| 0,8991| 0,9589 | 0,9388

Image 15 16 17 18 19
Raw | 0,7284| 0,7433| 0,6418| 0,39 | 0,6271
Plan | 0,9448| 0,931 | 0,9361| 0,9612| 0,9685

Image 20 21 22 23 24
Raw | 0,5221] 0,5464| 0,6085| 0,6821| 0,6996
Plan | 0,9611| 0,949 | 0,9547| 0,9072| 0,9358

Figure 2. Visual results on an example of range image (abw.test.10)

We notice on gure 2, the signi cant improvement of the edges
obtained in the image 2.f, by comparing them to the edges obtained Image 25 26 27 28 29
respectively in the images 2.b and 2.e, and which correspond to Raw | 0,5095] 0,616 | 0,4875| 0,4263| 0,4288
the edges obtained respectively by the Canny detector and by the Plan | 0,9672] 0,9265| 0,9614| 0,9735] 0,9472
region growing.

C. Quantitative Evaluation We notice in Table | that on all the 30 test images, a
We conducted a series of experiments to show the contributiommean and a standard deviation of respectively 0.6236 and 0.1050
of each step of the proposed method. First, edge detection byere recorded with the raw data, and a mean and a standard
the Canny lter using the gradient based on the parameters ofleviation of respectively 0.9422 and 0.0209 with the coients
the plan equation and the results are compared with the Canngf the plan equations. For the evaluation of the relaxation-based
detector on the raw image data (depths). Then, we compareooperation of the two representations of the results, we compared
the results obtained by the cooperation of the two methods: 1jhe detection results obtained by Canny before the relaxation and
Canny on the parameters of the plan equation, and 2) the regioifie results after the relaxation by considering the map of edges
growing by multi-grained region growing on Gaussian curvature agbtained following region-based segmentation as a reference. The
homogeneity criterion. We present in Table I, the precision valuesbtained results, introduced in Table I, show the signicant
obtained on the 30 test images (abw.test.0 ... abw.test.29). Wigprovement in the detection after the relaxation of the results
can notice the large gap between the precision values pourusingf the two methods, by comparing the obtained results with those
the raw data, and those using the parameters of the equation of tieé the Canny Iter taken individually, even if it operates on the
local tangent plan at every pixel. Figure 2.b shows the ground truttvectorial representation of the image data. For all the images in
of region-based segmentation provided ABW database. Howevethe ABW database, an average improvement in precision is 3.20%,
we evaluate the obtained edge maps (for both raw data and planhere values vary between 0.4% and 6.0%, which is considered
equation parameters) by comparing obtained edges with thos&s signi cant.
obtained following region growing and border extraction. A good
matching of the two sets of edge€;(and C,) indicates good
detection of edge maps.

https://journal.uob.edu.bh
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TABLE Il. Edge detection comparison on the 30 test images, before

and after relaxation of the resuilts. could be segmented by the proposed approach. Experimenting our

method on such images consists one of our immediate future work.

Image | O 1 2 3 4
Canny | 0,9223] 0,9543] 0,9536 | 0,9305| 0,8921 References
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. . [7] S. Mazouzi and Z. Guessoum, “A fast and fully distributed method
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laxation. Indeed, matching the results of detection obtained by Processingvol. 18, no. 3, pp. 793-806, 2021.
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