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Abstract. Line and ellipse are important image features in pattern recognition
and computer vision. Many methods have been developed to extract line or ellipse
in images separately but few try to detect them simultaneously. In this paper, a
novel fast line and ellipse detection (FLED) method is proposed to detect line and
ellipse simultaneously, even in high resolution images. At first, a detection frame-
work (Pre-SGV) for high detection speed is proposed, which explicitly decom-
poses the detection into precalculate, segment, grouping, validation phases. Sec-
ondly, a simple but efficient algorithm is designed to segment the edges into line
or arc candidates. Thirdly, the grouping constraints and fitting methods are fur-
ther improved. Finally, validation are conducted to exclude erroneous detection.
Experiments on synthetic images and real image dataset show that the proposed
method, FLED, can robustly detect lines and ellipses fast and efficiently, espe-
cially for high resolution image (e.g. remote sensing image, the scanning image).

Keywords: Line and ellipse detection * Arc grouping - High resolution images

1 Introduction

Line and ellipse detection is one of the classical tasks in computer vision, and play an
important part in vision measuring. Line detection is applied to railway detection [16],
building line extraction [3], and ellipse detection is applied to robot guidance [24,31],
pupil/eye tracking [34], cell segment [17] and industrial applications [30]. Recent years,
there are some great algorithms have been proposed. However, most state of the art
detections still can only detect lines or ellipses, and can hardly be used in the real-
time applications. In case of lines and ellipses required simultaneously, such as Meng
et al. [22], the lines and ellipses only can be detected step by step. A line and ellipse
detection has great potential to be used in a pretreatment process which need to have
low execution time and high detection accuracy.
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A large number of algorithms have beed studied for the line or ellipse detection
currently, and these methods are illustrated as follows:

e Line Detection Methods. Line detection methods have been utilized for many
years. The methods based on Hough [12], is first used to detect the lines. When
the slope of the line tends to infinity, there is a problem with this method. The
methods based on edge linking, mainly use the straightness criterion [6] to segment
lines. Brian Burn [1] proposed a new method based on the consistency of the gra-
dient direction. This method is divided into two processes, link and grouping. This
method is improved by Kahn et al. [13]. Apart from these, there are some methods
based on PCA, Gurn [10] proposed a method based on the minimal eigenvalue, but
this method might detect the smoothing curve as lines and is sensitive to noise, and
was improved by Yun-Seok Lee [15]. LSD [9] is a linear-time line segment detector
giving subpixel accurate results and has high anto-noise capability, but it is easy to
divide arcs to some lines.

¢ Ellipse Detection Methods. Hough transform [4] can detect the ellipse effectively,
having high detection accuracy, but it requires massive computation and memory. Xu
et al. [33] proposed random hough transform(RHT), this method mainly utilize the
random sampling and dynamic list storage to reduce the execution time and memory
requirements, but its non-sampling will introduce a large number of invalid accumu-
lation, so RHT has been improved by [18,28]. RTED [23] uses lines to approach the
edge contours and proposed many conditions to group some arcs which belong to the
same ellipse. The difficulty(include accuracy and real-time performance) of ellipse
detection is far greater than that of line detection. Prasad [26] proposed a method
basd on edge curvature and convexify and has beed improved by Fornaciari [8].

However, in the application of the monocular Position-Pose measurement [22], line
and ellipse features are required simultaneously. The traditional method is to detect
lines and ellipses respectively, so the speed and efficiency is affected. Aim at the detec-
tion of line and ellipse simultaneously, There are Etemadi’s detector [5], UpWrite [20],
ELSD [27] methods have been realized. Etemadi’s detector [5] realized the line and
circle arcs detection simultaneous, and is accurate in reporting the correct detections
(line and circle arcs), but has no ability in eliminating false positives, reported on para-
site contours. Equally, its precision at reduced scale is poor. UpWrite [20] method can
detect the line, circle and ellipse features, and first use “The Spot Algorithm’ to compute
local models for every edge pixel at a resolution r. All pixels are linked based on the
estimated curvature and predicted location. The GMM method is used to judge which
feature type the linking pixels belong to. This method is robust with respect to noise in
an image, but it has difficulties in detecting overlapping features. Furthermore, it is low
efficient, and it is sensitive to the resolution radius. ELSD [27] method can classify the
image edge as line and curve arc, but the algorithm stays on the basic of line and curve
classification, and doesn’t give the fitting information of line and curve, and the local
information cann’t guarantee the accurate global information. The UpWrite and ELSD
methods will be compared with our method.

According to the synchronous detection requirement of the line and ellipse features,
we proposed a fast line and ellipse detection method (FLED) with an improved detec-
tion framework Precalculate-Segment-Grouping-ValidationPre-SGV in this paper.
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The framework Pre-SGV with the new fast calculate nodes (FC-nodes) has lower exe-
cution time than other compared methods, the Pre-SGV and FC-node will be illustrate
in Sect.2. In the part of the Segment, a fast segment arcs (FSA) matrix is proposed
based on curvature and convexity to get line and ellipse ars candidates. Then, candidate
arcs which may belong to the same ellipse are merged based on geometric constraint
and improved fitting methods in the grouping process. Finally, each candidate ellipse is
verified by the location and tangent constrint. Three mainly contributions of this paper
are listed as follows:

o A fast framework Pre-SGV with FC-Nodes is designed to get low execution detec-
tion time.

e Our effective arc grouping and feature parameter estimation are proposed to get
candidate combinations faster and effectively.

e A weighted verification equation and two verification constraints are proposed to
make the ellipse fitting more accurately.

The rest of the paper is organized as follows: Sect.?2 introduces the Pre-SGV frame-
work, Sect.3 provide the FSA matrix, Sect.4 improve the grouping constraints and
Sect. 5 introduce a new validation method. Section 6 performs a number of compara-
tive experiments and comments on the implementation of Pre-SGV. Section 7 gives the
conclusion and discussion.

2 Precalculate-Segment-Group-Validate

Each pixel

Y

Before the start of detecion = e
> Pre Calculation | [p: = {;, lfast, Ipes .1’,_5,_}‘

Output results
Input an image FSA

Segmentation

l J Validation
Grouping

Fig. 1. The block diagram of the Pre-SGV framework

Pre-SGYV is a framework designed for long-term detection of line and ellipse in a video
stream or a set of images with different sizes. Its block diagram is shown in Fig. I.
The components of the framework are characterized as follows: Pre-Calculate allo-
cates a given number N9at¢ = Ndata . Ndata of nodes to get higher speed, where
Ndata(Ndata) are Jargest than all used images’ row(col) number, these nodes are named
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FC-Nodes, which are defined as P/'C = {Add;, Add\*s*, Adde*t, F;, Ffvm} i =
1,.., N4t Add; stores the pixel location (x,,,y,,) which i = xz,, - Ndt@ 4 4
Addlst(Addre*t) stores the last (next) location of Add;. F;, Ff*™ are real 6-by-6
symmetric matrix, we define m; = [:v?n, 2% Y s yfm 2T, 2Ym, 1], so F; = m;‘FmZ
Addlest, Addrert, F#v™ will be used in Sect.3. Segment-Group-Validate are used

based on the initialized FC-Nodes, and will be illustrated as follow sections.

3 Segmentation of Arcs

For line and ellipse feature detection, the approximate polygonal contours of the image
edges are acquired. Then these contours are segmented into elliptic arc or line candi-
dates based on the curvature and convexity. A new criterion is given for simple and
efficient segmentation here. Inspired by the curvature and convexity of line and ellipse
[23,26], we introduce a segment matrix based on the edge approximate contours, i.e.
fast segment of arc (FSA) matrix, for efficiently and fast extracting the candidate line
and ellipse arc of an image.

To get edge approximate contours, an edge image can be get by using Canny [2].
We provide two search template shown in Fig. 2(a) to get non-branched connected edge
contours based on Kovesi’s method [14] in an edge image. The search order is from
index 1 to index 8. For example, (Zp,, ym),m = 1,..., M are pixel locations which
belong to the same contours by using templates. idx,, is defined idz,, = x,, - N9 +

col

Ym. So Add'%st Addpfrt will be updated by their definitions, and Fjjjs™ = FS" 4+

1dT 1dx  —

Fidw,,, Fiy" = Fids, - Next, Edge approximate contours are approximated by R]l)P
algorithm [25]. Then, FSA-matrix will be get as follows.

It is known that ellipse arc set E and line set L belong to the approximate contours
C, obviously, E|JL C C,E|J L = @. So there need a method to segment the approx-
imate contours to get the candidate ellipse arcs fastly, and others of contours belong to
the candidate lines. This method is named as FSA. FSA mainly bases on the curvature
and convexity of ellipse, and three segment constraints [23,26] (curvature constraint,
angle constraint and length constraint) are used to get FSA-matrix. Firstly, three basic
points Amg which satisfy the angle and length constraint need to calculate the cur-
vature Lg; = sign(m X M) where sign is a sign function. For the next points

A;_1A;A;11, a vector model is defined as shown in Eq. 1 and Fig. 2(b).

AiAi—i-l = tAipl +pAlP2 (1)

where ¢, p are unknown parameters, A, P1 = A;_14;,|A;iPy| = |Ai—14;], LP1A; Py =
01, 07 is a threshold used in the angle constraint. FSA matrix is defined as shown in
Eq.2.

F§ALair — 1 Ai1Ai - AiAi @)
’ |Aic1 Ail? | Lair A1 Ai X AjAiq

1 —cotOr
0 cschr
KFSAFSAiLd"'". Sowhent; > 0,p; > 0, Rpnin < |FSA1;Ldir

A const matrix is defined as Kpgq = { } , and t;, p; can be calculate by

< Rmaw (Rmzna Rmaz
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(a) Search templates (b) Illustration of FSA
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Fig. 2. (a) Shows the clockwise and anticlockwise direction template. (b) Shows the geometric
meaning of FSA. (c) Shows how to get the fitting matrix of an edge contour directly.

are used in the length constraint), the point A;,; and A;_; A; belong to the same can-
didate ellipse. For some arcs that don’t belong to the candidate ellipses, they will be
placed in the candidate lines.

4 Arc Grouping and Feature Fitting

After arc segmentation, each elliptic arc is one part of an ellipse. But some elliptic
arcs may be from same ellipse which are isolated by overlap, occlusion, or noise. For
accurate detection, they should be linked or grouped into one candidate. The follow-
ing method is used for grouping the edge contours that possibly belong to the same
ellipse. This step is conducted in two level: local vicinity and global range. Firstly, the
neighboring candidate arcs are judged whether they are from same ellipse. Secondly,
the non-adjacent candidate arcs are testified whether they may be from same ellipse.
Before the grouping process, all arcs are changed into the same direction.

4.1 Neighborhood Grouping

Suppose arcs A and B meet condition: |4,,B1| < T, then they will be judged whether
they need to be merged. Three constraints are employed for the judgement:

FSA Constraint: We get a point O; as the midpoint of A, By. So A,,_101B; should
meet the three constraints in Sect. 3, we make A,, = O1, A,+1 = B, and get the fsa
matrix F'SA, . If FSA, ! meet the constraints in Sect. 3, arc A and arc B satisfy the
FSA constraint.
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Curvature Constraint: The curvature of Bm_l/B:Al Ay should be of the same sign,

. —_ - .
i.e. when B,,,_1 By, X B, A1 < 0and B, A1 x A1 A3 <0, arc A and arc B satisfy the
curvature constraint.

Color Constraint: if m and m belong to the same ellipse, in a small neigh-
borhood of A,, and By, their pixel gradients should be roughly the same by using Sobel

method. We define the gradient p; at A,, and ps at B;. When 0 < D1 b2 < Teps, wWe

p1|p2]
consider these two arcs satisfying the color constraint.

4.2 Arc Global Grouping

To judge whether two non-adjacent arcs A and B belongs to same ellipse, three con-
straints are employed: the curvature constraint provided by Nguyen [23], angular and
fitting constraints provided by Prasad [26]. Beyond that, we propose the distance con-
straint. The constraints for global grouping are as follows:

Distance Constraint: If the two arcs belong to the same ellipse, the number of two arcs
should be bigger than the threshold C,,,iy,—ciiipse- The ellipse circumference can be cal-
culate by Cejiipse = T(i) -(R4+7). R is semi-major axis, r is semi-minor axis, T'(x) is
elliptic coefficient. According to the experiment, we use the distance [ 4,, 5,, between the
end points of the arcs as the semi-major axis, so the min semi-minor axis is Rinla, B,

R.in is the minimum of the lq50r /lminor. SO we get the minimum estimated circum-
ference as shown in Eq. 3.

Cminfellipse = (]- + Rmzn) T (Rmzn) lAan (3)

Curvature C(gs@int/:@r arc A and arc B, this constraint have the same defination
at Sect. 3. So A, A,,, B1 By, should satisfy A,, 1A, x A,B; < 0,A,B; X B1By <
O,Bm_le X BmAl < O,BmAl X A1A2 < 0.

Fitting Constraint: Arc A and Arc B are fitted with DLS method, the error of DLS

must be lower than a chosen threshold. The ellipse semi-minor and the ratio of semi-
minor/semi-major must be higher than chosen thresholds.

ERRellipse < Terr
lminor
lshort 2 Tmin,shortv li 2 Rratio (4)
major
Angular Constraint: The angle 6; of the arc; on the fitting ellipse should be higher
than a threshold 6,,,;,, after ellipse fitting. If 61 + 62 > 60,,,4., we think these two arcs
belong to the same ellipse, and don’t require validation. There is an arc A1 A,,, and O is
. — — —_— —
fitting center. ny, ny are defined as the vectors of OA;, OA,,. 0 o can be calculated
as follows.

3
3
N

— =
Om =7 — sign (n] X ny) [ﬂ—arccos <7Tl>|n—£ )} 5)
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Fig. 3. Validation: (a) the location of validation points; (b) the value of W;; (c) the discrete error
of Wi .

4.3 Feature Parameter Estimation

The least squares methods is used to judge whether the error condition is satisfied for
candidate lines and ellipses. The fitting matrix can be got by using FC-nodes. For exam-
ple, there a arc A1 A,, idxa,,idx 4, are defined as the index of the FC-nodes. The

fitting matrix Fa, 4, = idoa — Fi};":l .

e Fast Line Fitting Algorithm. The linear equation is a1 + asy + a3 = 0 with
a?+a3 = 1,d; = |a12; + azy; + as| is the distance from (z;, ;) to line. The fitting
of a general line can be approached by minimizing the sum of d?. S; is defined
as a contour fitting matrix which can be calculated with FC-nodes. So, the data

— = Sie S,
number is N = Sg ¢, the average point is (X,Y) = ( ;}6, ;}6) which can be
proved on the line, the linear direction angle is 6 = arctan *712* . Finally,
St1— 53
a; = cosf,ay = sinf,a3 = —a; X — ayY, the fitting error: e = 5in205474 +

052085 5 — sin20S, 5 — N(sinX — cosfY )2,

e Fast Ellipse Fitting. The ellipse general equation is a122 + 2asxy + asy? + 2a4x +
2a5y + ag = 0, and the fitting matrix can be calculated with FC-nodes. DLS is
a great developed by Fitzgibbon [7] because of its performing fit and non-iterative
manner. However, DLS suffers from matrix singularity constraints and non-optimal
solution will be find when all data points lie on the ideal ellipse curve [32]. Halir
et al. [11] addressed this problem using an alternative formulation of the original
task based on the block decomposition of matrix. In order to improve the accuracy
of numerical solution, we have scaled down the data in pretreatment. Given a contour

A/pA\q, the fitting result is calculated by Halir’s methods [11]. A transformation from

fitting result to ellipse parameter is given as follows: the ellipse center (xo, Yo ), o =

(agas — agay) - SCALE,yg = (aza4 — ayas) - SCALE, angle of rotation is

0— arctan(2as /(a1 — az))
2

cosbas, a11p = a1 +tanbag, azep = ag —tanbay.Cy = a%p/aup + agp/aggp — ag,

so semi-major and semi-minor axis are lyqjor = C2/a11p; lminor = C2/a22p.

. We define a1, = cosflas+sinbas, asp = —sinfas+
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5 Validation

If an ellipse is got after grouping, there must be some edge points around this ellipse.
By the same reason, there must be some edge points around lines. There are two
validation constraints: (1) The Location Validation; (2) The Pixel Validation. We use
the sampling points for each candidate shape as its validation points, and we judge
these points whether they satisfy the two validation constraints. We give the vali-
dation equation as shown in Eq.6 where N is the number of the validation points,
I (x;,9;), m = 1,2 is an indication function that if points(z;, y;) satisfy the validation
m, Ln(2;,9;) = 1,m = 1,2. If R, > Ryun, we consider this fitting ellipse is a real
one.

N
Wily (x4, yi) 2 (i, yi)

R, = 6

; i (©)

For the candidate lines, we take the validation points uniformly. W; = 1,7 =

1,2,...,N.

For the candidate ellipse, we define semi-major axis as R, semi-minor axis
as r, the center as (x.,y.), the angle as .. So, the validation point [z;,y;] =
[Rcosb;,rsinbd;] R (0) + [xe, ye|. As shown in Fig. 3(a), the more concentrated to the
end points of the semi-major axis the validation points are, the closer they are. We

TR
R2co0s(0;)% + r2sin(6;)%
W; is shown in Fig. 3(b), and shown that dispersing points have bigger weight. W is

N rRo6 2 rR
easy to certify Z; R2cos(0;)2 + r2sin(0;)2 ~ 70 R2cos(0)? + r2sin(6)? d0 = 2m.
27
00 i=1
W, does not need to be normalized. As shown in Fig. 3(c), when N is bigger than 80,

N
[N — 5 W;]is very close to 0. So N must satisfy N > 80.
i=1

take the rate of slope change as its weight [21], so W; =

N
Because of N = —, we can get > W; = N. It is shown that when N is big enough,

(1) The Location Validation. For each validation point V; = [z, y;], if there exists a
edge point on the V; 8 neighborhood edge points, V; pass the location validation.
Mark Il (Jﬁi, yz) =1.

(2) The Grad Validation. For each validation point V; = [z;,y;], the point

_
yrertn ylastn g the V; next and last Nth point. Mark [; = V;/*S!N /eI The
gradient g; at V; is (—Rsinb;, rcost;) for ellipse, and (cos;, sind;) for line where
0, is the line slope. GV is the score of the slope similarity and can be calculated by

gi b
GV, = ,
" lgilll] o
that it pass the grad validation, and mark Io(x;,y;) = 1.

if GV is larger than the threshold Ty . The point V; is considered

Finally, the validation score R, can be got by the Eq. 6. If the R, is larger than the
threshold T’ry . This ellipse (line) can be place the real ellipse (line).
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ELSD

UpWRITE
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Prasad Fornaciari

o)

NONE
RESULT

NONE
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Fig. 4. Results on simulation images (1000 x 1000) of geometric shapes (square, ellipse) for
different noise types and different scales. From left to right: Original Image, FLED (Ours), ELSD,
UpWRITE, LSD, Prasad, Michele. From top to bottom: noise-free image, 0.05-Gaussian noise,
0.1-Gaussian noise, overlapping shapes, 0.05-Gaussian noise, 0.1-Gaussian noise

Table 1. Comparison of execution time on low resolution images (msec)

Image name | Size Execution time (ms)

FLED (Ours) | ELSD | LSD Prased | Fornaciari
/ILR//1.png | 442 x 640 | 5.78781 270 |16.4607 | 821 7.92355
/ILR/2.png | 480 x 640 | 7.75933 610 | 19.3336 | NONE | 16.3411
/ILR//3.png | 480 x 640 | 13.1629 2930 |27.8511 | NONE | 12.2071
/ILR//4.png | 488 x 700 | 10.9402 1380 |23.2976 | NONE | 20.6639
/ILR//5.png | 375 x 500 | 7.7169 1030 |17.5384 | NONE | 10.9937
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Fornaciari

Original Image FLED (Ours) ELSD

NONL
RESULT

NONE
RISUIT

NONE
RESULL

NONLC
PESULT

Fig. 5. Results on low resolution images. From left to right: Original Image, FLED (Ours), ELSD,
LSD, Prasad, Michele.

ELSD Fornaciari

Fig. 6. Results on ordinary resolution images. From left to right: Original Image, FLED (Ours),
ELSD, LSD, Prasad, Michele.
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ELSD Fornaciari

Original Image

FLED (Ours)

Fig.7. Results on high resolution images. From left to right: Original Image, FLED (Ours),
ELSD, LSD, Prasad, Michele.

Table 2. Comparison of execution time on ordinary and high resolution images (msec)

. Execution Time (ms) . Execution Time (ms)
Size (OR) Size (HR)
FLED | ELSD | LSD | Fornaciari FLED | ELSD | LSD | Fornaciari
768 x 1024 | 29.6 | 3070.0 | 88.0 72.0 1200 x 1600 | 62.1 |4750.0| 1252 1071.0
540 x 960 10.0 | 1180.0 | 32.6 13.9 1080 x 1920 | 142.2 | 7350.0 | 134.9 336.9
1024 x 1280 | 15.3 | 1890.0 | 64.8 95.5 1920 x 2560 | 76.1 | 3970.0 | 251.5 145.7
768 x 1024 | 19.1 | 1940.0 | 46.9 63.5 1200 x 1600 | 17.3 | 1830.0 | 92.7 149.2

960 x 1280 | 46.0 |4170.0|103.3 129.8 1080 x 1920 | 86.3 |2980.0 | 115.7 168.6

6 Experiments

To verify the proposed method, FLED is tested and compared with other methods. In
the comparison, UpWrite [19], ELSD [27], LSD [29], Prasad [26] and Fornaciari [8] are
selected, whose codes are available on-line. The experiments can be divided into two
parts: With synthetic images and with real images. The synthetic images are simulation
images validate methods performance from noise and overlapping. The real images
are divided into three categories: (1) The images whose resolution are less than 500
thousand pixels are named Low Resolution Images (LR Image); (2) The images whose
resolution are from 500 to 1 500 thousand pixels are named Ordinary Resolution Images
(OR Image); (3) The images whose resolution are larger than 1 500 thousand pixels are
named High Resolution Images (HR Image). All detectors are tested with their default
parameters.



52 L. Liu et al.

6.1 Simulation Images

The simulation images including both overlapping and non-overlapping geometric
shapes, are used to analyse the robustness against noise and shape scales. The result
is shown in Fig. 4. We analyze the characteristics of each method as follows.

o ELSD: ELSD can detect ellipse arcs effectively on each shape scale and has good
anti-noise capability. For overlapping shapes, this method takes on high robustness.
But when it comes to line segments, some lines are considered as circles.

o UpWRITE: UpWRITE detect geometric shapes by using GMM, and perform well
on hand-drawn shape. But UpWRITE has high error detection rate, for flat ellipse and
overlapping shapes, UpWRITE performs poorly and has low anti-noise capability.

e LSD: LSD is a line detector, it can detect all lines, perform well with high anti-noise
capability. But LSD detect an arc as a set of lines.

e Prased: Prased’s method can detect all ellipse, but have high error detection, while
with low anti-noise capability.

e Fornaciari: Fornaciari is an ellipse detection method, it has high anti-noise capa-
bility and performs well. Fornaciari has low error detection, but has high missed
detection.

e FLED (Ours): FLED can detection lines and ellipses at once, performs well and has
high anti-noise capability, FLED can detection most all lines and ellipse, for some
overlapping shapes, this method might get some error detection.

After evaluating the performance of the method mentioned above, we decide to drop
the UpWRITE method in the following real image test section.

6.2 Real Images

In this section, we test our method with other methods in real images. These images are
tested in LR Images, OR Images and HR Images respectively, we get results as shown
in Fig. 5, Fig. 6 and Fig.7, the execution time is shown in Tables 1 and 2. The Prased
not perform well in LR Images results, so this method won’t be used in OR and HR
Images.

From the result provided above, ELSD can get lines and ellipses, but its execution
time is very high, ELSD can’t be used for real-time application. Meanwhile, there are
many lines detected as circles in ELSD. LSD can detect all lines in the image, unable to
identify that some lines may belong to the same arcs, and Fornaciari’s method can detect
ellipse, and has low error detection, but has high miss detection. Our method FLED, can
detect most lines and ellipse directly, particular, the execution time of FLED is fastest
all of these methods. So, no matter in performance or in execution time, our method
takes on superior performance.

7 Conclusion

In this paper, we have proposed a fast and robust line segment and elliptical shape detec-
tion method. We have made a lot of innovative improvements of the existing methods.
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Through a lot of experiments, we adjust and verify the method parameters to achieve the
best performance. Experiments show that, compared with the traditional representative
methods. Our method (FLED) exhibit absolute advantages such as fast, robust and so
on. So it can be widely used in hardware and software of video streamprocessing prob-
lems, especially in the processing of high resolution images and video, Our method has
a broad application prospect.

Despite its performance, there are some room for improving in our method still has
some space for improvement. When elliptic arc segments are divided very small, it is
easy to occur false detection and missed detection and miss detection. In the future
work, we will continue to improve our method on the basis of FLED from the follow-
ing aspects: (1) Design a method for grouping muti-arcs to reduce the error detection.
(2) Improve the fitting method to get more accurate results. (3) Improve the valida-
tion constraints to reduce the error detection. We hope our algorithm will have a better
performance in the future.
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