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Estimating parameters of a geometrical model from 3-D point cloud data is an important problem in
computer vision. Random sample consensus (RANSAC) and its variations have been proposed for the es-
timation of the models parameters. However, RANSAC is computationally expensive and the problem is
challenging when the measured 3-D data contain noise and outliers. This paper presents an efficient sam-
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RANSAC pling technique for RANSAC, in which geometrical constraints are utilized for selecting good samples for
RANSAC family a robust estimation. The constraints are based on two predefined criteria. First, the samples must ensure

being consistent with the estimated model; second, the selected samples must satisfy explicit geometri-
cal constraints of the interested objects. The proposed approach is wrapped as a robust estimator, named
GCSAC (Geometrical Constraint SAmple Consensus), for estimating a cylindrical object from a 3-D point
cloud. Extensive experiments on various data sets show that our method outperforms other robust esti-
mators (e.g. MLESAC) tested in term of both precision of the estimated model and computational time.
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The implementations and evaluation datasets used in this paper are made publicly available.
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1. Introduction

Estimating parameters of a primitive geographic shape such as
plane, sphere, cylinder, cone, from 3-D point cloud data is a funda-
mental research topic in the fields of computer vision and robotics.
The geometrical model of an interested object can be estimated
using from two to seven geometrical parameters [17]. A Random
Sample Consensus (RANSAC) [6] and its paradigm attempt to ex-
tract as good as possible shape parameters which are objected ei-
ther heavy noise in the data or processing time constraints. For
being more accurate, faster and more robust, the RANSAC fam-
ily focuses on either a better hypothesis from random samples or
higher accuracy of data satisfying the estimated model. In this pa-
per, we propose to exploit geometrical constraints to obtain a qual-
ified minimal sample set (MSS), i.e, good samples. This sample set
can be used to generate better hypotheses, and as a result an es-
timated model is achievable. This study also demonstrates a real
case where the proposed method is deployed for fitting cylindrical
objects.

Originally, a RANSAC paradigm randomly draws 3-D points from
an input data set without any prior assumption on the data. The-
oretically, RANSAC must run a relatively large number of itera-

* Corresponding author.
E-mail address: van-hung.le@mica.edu.vn (V.-H. Le).

https://doi.org/10.1016/j.patrec.2017.12.012
0167-8655/© 2017 Elsevier B.V. All rights reserved.

tions to find an optimal solution before a stopping criterion is
met. Chum et al. (in [3]) argued that “not all all-inlier samples are
good”. They proposed the LO-RANSAC algorithm which is inspired
by an idea that using an uncontaminated minimal sample is al-
most sufficiently or near perfect agreement with theoretical per-
formance. Therefore, the most crucial question is how to select the
uncontaminated or so-called qualified or good samples from a set
of data points.

Motivated by this argument, we attempt to search for the qual-
ified samples that could be better selected when geometrical con-
straints of the interested object(s) are used within a RANSAC-
based algorithm. In particular, at each hypothesis in a framework
of a RANSAC-based algorithm, a searching process aimed at find-
ing good samples based on the constraints of an estimated model
is implemented. To perform searches for good samples, we define
two criteria: (1) The selected samples must ensure being consis-
tent with the estimated model via a roughly inlier ratio evalua-
tion; (2) The samples must satisfy explicit geometrical constraints
of the interested objects (e.g., cylindrical constraints). The strat-
egy of the proposed method first samples a minimal sample set
that achieves a given inlier ratio among the samples and then adds
samples that meet geometrical constraints derived from the prim-
itive in concern. The seed generation is iterated until the conver-
gence criterion is satisfied. In the other words, the key idea is guid-
ing minimal sample set search using normal constraints of the geo-
metric models (e.g., cylindrical objects). The constraints come from
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geometrical properties of a cylindrical model. We tackle that at
each iteration, thanks to the good samples, thus, an optimal model
(with the maximal inlier ratio) is highly expected. Consequently,
the number of iterations can be adaptively updated according to
the certain inlier rate, results in an earlier termination. The pro-
posed method is different from LO-RANSAC because only minimal
sample set is utilized for the model estimation. It is also separated
from the USAC (A Universal Framework for Random Sample Con-
sensus) [15], where the sample check stage and/or model check are
implemented after each random sampling procedure. Our search
for good samples is actively burned at the start of each iteration. To
evaluate a hypothesis, we utilize the maximum likelihood as MLE-
SAC algorithm [18]. For a termination condition, we adopt adaptive
RANSAC [8] in which the number of iterations is adjusted when-
ever a better model is generated. Finally, the effectiveness of the
proposed method is confirmed by a real case of fitting results of
cylindrical objects in several datasets. The proposed algorithm ob-
tains good performances in term of both precision of the estimated
model and the processing time even on data with a low inlier ra-
tio.

The main contributions of the paper are: (1) A new technique
using geometrical constraints to search for good samples within
a RANSAC-based algorithm. The proposed technique allows one to
increase the quality of the sampled points and therefore the esti-
mated model; (2) A demonstration of success of applying the pro-
posed technique for a robust estimator for estimating a cylindrical
object from a point cloud data. The implementations of the pro-
posed method, method for evaluation and the collected data sets
are made publicly available.

2. Related work

For a general introduction and performances of RANSAC fam-
ily, readers can refer to good surveys in [2,16]. In the context of
this research, we briefly survey related works which are catego-
rized into two topics.

The first topic is efficient schemes on the selection of minimal
subset of samples for RANSAC-based robust estimators, because
the original RANSAC is very general with a straightforward im-
plementation, it always requires considerable computational time.
Many RANSAC variants have been proposed with further optimiza-
tion for a minimal sample set (MSS) selection. Progressive Sample
Consensus or PROSAC [3] orders quality of samples through a sim-
ilarity function of two corresponding points in the context of find-
ing good matching features between a pair of images. LO-RANSAC
[4] and its fixed version LO*-RANSAC [13] add local optimization
steps within RANSAC to improve accuracy. To speed up the compu-
tation, adaptive RANSAC [8] probes the data via the consensus sets
in order to adaptively determine the number of selected samples.
The algorithm is immediately terminated when a smaller num-
ber of iterations has been obtained. With the proposed method,
the good samples are expected to generate the best model as fast
as possible. Therefore, the termination condition of the adaptive
RANSAC [8] should be explored. Recently, USAC [15] introduces a
new frame-work for a robust estimator. In the USAC frame-work,
some strategies such as the sample check (Stage 1b) or the model
check (Stage 2b), before and after model estimation, respectively,
are similar to our ideas in this work. However, USAC does not re-
ally deploy an estimator for primitive shape(s) from a point cloud.
A recent work [10] proposes to use geometric verification within
a RANSAC frame-work. The authors deployed several check pro-
cedures such as sample relative configuration check based on the
epipolar geometry. Rather than the “check” procedures, our strate-
gies anticipate achieving the best model as soon as possible. There-
fore, the number of iterations is significantly reduced thanks to the
results of the search for good sample process.

For the second topic is cylindrical object estimation (or more
general, fitting primitive shapes) from 3-D point clouds, readers
can refer to a survey on feature-based techniques [1]. Some fit-
ting techniques, for instance, multiscale super-quadric fitting in
[5], Hough transform in [14], are commonly used. However, the
robust estimators (e.g., RANSAC family [2]) are always preferred
techniques. Original RANSAC [6] demonstrates itself robust per-
formances in estimating cylinders from range data. In [19], nor-
mal vectors and curvature information are used for parameters’
estimation and extraction of cylinders. The cylindrical objects are
also interested in the analytic geometrical techniques. The authors
in [7] formulate a cylinder using three parameters such as ra-
dius r, height h, and the axis the cylinder y. [17] defines a cylin-
der through two samples and their normal vectors. The height of
the cylinder normally is calculated in an additional step, e.g., de-
termined by the maximal distance between two projected points
in [7]. In this study, geometrical analysis of a cylinder in [17] is
adopted for defining criteria of the qualified samples as well as for
estimating parameters of the interested model from a 3-D point
cloud.

3. Algorithms
3.1. General proposed frame-work

To estimate parameters of a 3D primitive shape, an original
RANSAC paradigm, as shown in the top panel of Fig. 1, selects ran-
domly an MSS from a point cloud and then model parameters are
estimated and validated. The algorithm is often computationally
infeasible and it is unnecessary to try every possible sample. Our
proposed method (GCSAC - in the bottom panel of Fig. 1) is based
on an original version of RANSAC, however it is different in three
major aspects: (1) At each iteration, the minimal sample set is con-
ducted when the random sampling procedure is performed, so that
probing the consensus data is easily achievable. In other words, a
low pre-defined inlier threshold can be deployed as a weak con-
dition of the consistency. Then after only (few) random sampling
iterations, the candidates of good samples could be achieved. (2)
The minimal sample sets consist of qualified samples which en-
sure geometrical constraints of the interested object. (3) Termina-
tion condition of the adaptive RANSAC algorithm [8] is adopted so
that the algorithm terminates as soon as the minimal sample set
is found for which the number of iterations of current estimation
is less than that which has already been achieved.

For evaluating and updating the best estimated model, differ-
ent from an original RANSAC-based algorithm whose inlier ratio is
the criteria for updating the best model, GCSAC adopts the Neg-
ative Log-Likelihood criteria of MLESAC algorithm [18]. The best
estimated model is chosen when the minimum value of the log-
likelihood (denoted as —L) is found. At each iteration, —L is calcu-
lated by:

1= tag( () (- 2+ (1-w) ) (1)

where o is the standard deviation of the error; v is the parameter
space which outliers are expected to fall in; y, is the mixing pa-
rameter that is estimated based on Expectation Maximization (EM)
from a set of indicator variables n; with (i=1,2,..., N).

To determine the termination criterion for the estimation algo-
rithm, a well-known calculation for determining a number of sam-
ple selection K is:

_ log(1 -p)
~ log(1 —ws) (2)
where p is the probability to find a model describing the data, s is

the minimal number of samples needed to estimate a model, w is
percentage of inliers in the point cloud.

K
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Fig. 1. Overviews of the proposed method (GCSAC) and the conventional RANSACs and a fitting scheme. Top panel: The original RANSAC/MLESAC paradigms; Bottom panel:

Our proposed method, GCSAC.

At each iteration, a sample point is specified as an inlier whose
distance to the estimated model is smaller than a threshold T.
In real datasets, this distance threshold T is usually chosen em-
pirically. As explained in [8], when distribution of the data is a
Gaussian with zero mean and standard deviation &, the thresh-
old distance T can be estimated by T2 =5.9952 for a probability
of a = 0.95 that the sample is an inlier (in case of the number of
minimal sample set = 2).

While p is often set to a fixed value (e.g., p=0.99 as a conser-
vative probability), K therefore depends on w and s. At each iter-
ation k, if the estimated model is better (more accurate), then all
of the w can be estimated more confidently. As result of using the
good samples, the proposed method obviously tends to estimate an
optimal model at each iteration, instead of randomly finding out
the best one as the original RANSAC. Therefore, at each iteration
k, w is confidently estimated and K is updated by Eq. (2). It may
occur an immediate termination when at a certain iteration, w de-
termines a K, which is smaller than that already been performed.

3.2. Fitting 3-D cylindrical objects

For geometrical analyzing a cylinder object, we utilize the
method proposed by [17]. A cylinder is determined by four param-
eters: A center point on the cylinder axis, denoted as I(xq, Yo, Zp);
A vector of the main direction, denoted as y.; Radius R, of the
cylinder; Height of the cylinder, set to 1 by default.

The geometrical relationships of above parameters are shown
in Fig. 2(a). A cylinder can be estimated from two points (pq, p3)
(two blue-squared points) and their corresponding normal vectors
(nq,ny) (marked by green and yellow line).

The normal vectors are computed using techniques proposed in
[9]. At each point p;, k-nearest neighbors kn of p; are determined
within a radius r. The computation of the vector of p; is therefore
reduced to the analysis of eigenvectors and eigenvalues of the co-
variance matrix C created from the kn of p;, as given by:

1 kn

C=—=> P —Pa) P —Pu)’. Cvj=hyv;, je{0,1,2}; (3)
i1

kn

where p,, = kl—n Zf-‘il p; represents the 3-D centroid of the nearest
neighbors. A; is the jth eigenvalue of the covariance matrix, and V;
is the ji" eigenvector found by Eq. (3).

Let ¥ be the main axis of the cylinder (red line) which is esti-
mated by:

Ye=M X1y

(4)

To specify a centroid point I, we project the two parametric lines
L1 =p;+tn; and L2 = p, +tn, onto a plane specified by PlaneY
(see Fig. 2(b)). The normal vector of this plane is estimated by a
cross product of ¥ and ny vectors (). x nq). The centroid point I is
the intersection of L1 and L2 (see Fig. 2(c)). The radius R, is set by
the distance between I and p; in PlaneY. A result of the estimated
cylinder from a point cloud is illustrated in Fig. 2(f). The height of
the estimated cylinder is normalized to 1.

3.3. Cylindrical object fitting using geometrical constraints for quality
of samples

The proposed frame-work is deployed for fitting a cylindrical
object from a point cloud data. The corresponding normal vectors
are already prepared in advance. The fitting procedure as shown in
Fig. 3 consists of the corresponding steps of the proposed frame-
work. The algorithm starts by roughly selecting initial good sam-
ples. We adopt the idea of adaptive RANSAC [8] to probe initial
samples. At each iteration, we assume that the worst case estimate
of w; determines an initial sample. In the worse case (let’s assume
wy = 0.1), a consensus set containing more than 10% of the data
is found, that is at least the proportion of inliers. The initial inlier
ratio w; is set to 0.1 (or 10% inlier rate) is to easily find out a can-
didate of the estimated model. If a large value of wy is set, a larger
size of the consensus set will be found. As a consequent, more
computational time before searching good samples is required. We
tackle that the good samples selection helps to estimate the better
model even with an initial probing the data via a small consen-
sus set. Once the stack U; of initial samples is conducted, we then
search for good samples which satisfy the geometrical principles
constraints of a 3-D cylindrical object as following. A calculating in
the cost/score functions (e.g., our GCSAC adopted a Maximal Log-
Likelihood function in MLESAC or counting the number of inlier
points in original RANSAC algorithms) for the estimated cylindri-
cal object (as specified in Section 3.2) is suffered from two free
parameters. While the first parameter, threshold distance T, it is a
fixed and pre-determined value, the second one, an angle restricts
the deviation of a points normal from that of the estimated shape
[17]. These conditions are investigated as following analyses. The
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Fig. 2. Geometrical parameters of a cylindrical object. (a)-(c) Explanation of the geometrical analysis to estimate a cylindrical object. (d)-(e) Illustration of the geometrical
constraints applied in GCSAC. (f) Result of the estimated cylinder from a point cloud. Blue points are outliers, red points are inliers. (For interpretation of the references to

colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 3. A diagram of the cylindrical object estimation using GCSAC.

first condition is illustrated in Fig. 4. In this example, a pair of in-
lier p; and an outlier p, is selected. This is a common case when at
a certain iteration, two samples are randomly drawn. As shown in
Fig. 4(a), ¥ - the main axis of the cylindrical object, is incorrectly
estimated. Consequently, the estimated cylinder is a wrong estima-
tion (as shown in Fig. 4(b)). This case can be eliminated using the
first condition when a threshold distance T specifying inliers is ap-
plied. For instance, a standard cost function of RANSAC counts the
number of inliers. As a consequent, yielding is a very low in this
case.

For the second parameter, let's denote random inlier samples
as pi1, pp and p3, as shown in Fig. 2(d). In case of drawing two
random points pq, p3, obviously, the first criteria is quickly satis-
fied because both of these samples are inliers (w; is larger than
w; = 0.1). However, as shown in Fig. 2(d), the direction of the axis
Y, is totally different from ground-truth. Our second criterion (or
search good samples) aims to update the initial samples (for ex-

ample, p; should be updated by p,). To obtain this, a centroid
point I is a point on the main axis of the cylinder that the ra-
dius is the Euclidean distance from p; to I. We first built a plane
m that is perpendicular to the plane PlaneY and consists of nj.
Therefore its normal vector is ny = (Npjgpey % N1) Where npygpey is
the normal vector of PlaneY, as shown in Fig. 4(a). In the other
words, n; is nearly perpendicular with n where nj is the projec-
tion of n, onto the plane . This observation leads to the criterion
below:

=38 pzer{ll]lf.r\lpl}{m n;} )
If ¢, is close to O then n; and nj are orthogonal (perpendicular)
vectors. It is noticed that in the example as shown in Fig. 2(e), the
projection of n3 onto plane 7 should be parallel with n;. Therefore
the dot product n; - nj is a large scalar value.

Observation is that the geometrical constraints can be applied
as a pre-processing step. As results, a list of selected samples
which ensure the constraints are extracted. We then apply a lin-
ear fitting algorithm for estimating a model. This scheme is quite
similar to the dsimple strategy in [4]. However, they observed that
this scheme does not lead to correct estimates. In our practical ex-
periments, when the residual distribution is biased and the radius
of the cylinder is large, i.e. outlier points, the estimated model pa-
rameters are no longer correct. The FILSAM works well only when
the outliers do not have signification influence, that means the ma-
jority of inliers have bigger impacts on the least square’s results.
Theoretically, given N samples, maximal the number of selections
is (’;’) = N(N — 1)/2 for evaluating quality of whole samples. There-
fore, total cost of FILSAM is significantly large.

4. Experimental results

The proposed methods are warped by C++ programs using a PCL
1.7 library on a PC with Core i5 processor and 8G RAM. The pro-
gram runs sequentially as a single thread. The performances of the
proposed algorithm are evaluated in three experiments for cylinder
estimation.

4.1. Descriptions of the datasets for evaluation

The first (1st) dataset is purely artificial data which consists of
six different subsets, denoted from dC; to dCg. For each subset dG;,
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Table 1

The characteristics of the first dataset (synthesized data).

Data set  Characteristics of the generalized data
Height/Radius  Direction of main axis Spatial distribution of inliers ~ Spread of outliers
dCy,dCqy 12 parallel with the z-axis  Around of a cylinder [-3,3], [-4,4]
dC,, dCs 1/2 parallel with the y-axis  Around of a cylinder [-3,3], [-4.4]
dCs, dCg 1/2 parallel with the y-axis  one half of a cylinder [-3,3], [-4,4]
planeY [N Estimate(} cylinder

p1"3k.\PIane ™

(a)

Fig. 4. (a) Setting geometrical parameters for estimating a cylindrical object from a point cloud as described in Section 3.2. (b) The estimated cylinder (green one) from an
inlier p; and an outlier p,. As shown, it is an incorrect estimation. (c) Normal vectors n; and n3 on the plane 7 are specified. (For interpretation of the references to colour

in this figure legend, the reader is referred to the web version of this article.)

inlier ratio is increased by a step of 5% from 10% to 80%. Therefore,
there are fifteen point clouds. They are denoted from dS; to dSis.
A point cloud dS; consists of three thousand points. An inlier data
point (x;, ¥;, z;) of dS; lying on cylinders curved-surface is gener-
ated as follows: x; = cos(6;), z; = sin(6;), y; is randomly selected in
[0, 1], 6; is randomly selected from [0, 27 ]. Outliers are generated
randomly as a normal distribution. Characteristics of each set dC;
are described in Table 1. The major differences between a dC; to
dG; could be the main axis’s orientation, o of the normal distribu-
tion for generating outlier/inlier data; or what is spatial distribu-
tion of inliers. Fig. 5 illustrates the synthesized data of dC;, dCs,
dC3 whose inlier ratio equals to 50%.

The second (2nd) dataset is collected from public available data
sets which contains 300 objects belonging to 51 categories [11].
In this study, we collect only videos consisting of the cylindrical
objects. Totally, this dataset consists of 8 coffee mugs, 14 food cans,
5 food cups, 6 soda cans.

The third (3rd) dataset is collected in real experiments in our
lab-based environment where cylinders (e.g., a coffee cup) are lo-
cated on the table. The main purpose of this setup is to deploy
an aided-service which supports grasping queried objects for visu-
ally impaired people. In this set up, a Kinect is mounted on the
chest of a person and he is moving around a table. This setup aims
to detect a cylindrical object in real scenarios (e.g., to find a coffee
cup in the kitchen). This dataset consists of four types of cups with
different radii (3.75 cm, 3.5 cm, 3.25 cm, 3.0 cm). The cup is made
of porcelain. Details of the experimental setup and so forth dataset
are described in [12].

N
X D !

: vy yais v

Set1: center(0,0,0)

Set2: center(0,0,0)
Change main direction

4.2. Evaluation measurements

Let notate a ground-truth cylinder Ci(x:, y:, z:, 7t ar) and the
estimated one Ce(Xe, Ve, Ze, Te, de) Where (Xt, Vi, Zt), (Xe, Ve, Ze) are
the coordinates of the center points, r;, re are the radii; a;, a. are
the angles between the main axis and the normal vector of the
table plane of C; and C,, respectively. To evaluate the performance
of the proposed method, we use following measurements:

o The inlier ratio w of the best estimation is defined by:
#inliers
= 6
w #number of samples (6)

Let denote the relative error of the estimated inlier ratio to be
Ey. The smaller Ey is, the better the algorithm is.

_w = wg|
= 7%1
where wgt is the calculated by Eq. (6) using ground-truth in-
liers. This index is applied to the synthesized data (the first
dataset) only because ground-truth inliers of real datasets are
not precisely specified from original scenes.

The total distance errors S, is calculated by a summation of dis-
tances from any point p; to the estimated cylinder C. Sy is de-
fined by:

E, x 100% (7)

N
Sa=_d(p;.C) (8)
j=1
» The processing time t, is measured in milliseconds (ms). The
smaller tp is the faster the algorithm is.

E X
Yy 2% xte

yais

Set3: center(0,0,0)
Occluded object

Fig. 5. Illustrations of dC;, dC,, dC; point clouds of the first dataset in case of 50% inlier ratio. The red/blue points are inliers/outliers, respectively. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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Table 2

Average results of the algorithms on synthesized dataset. The experiment on this data
was repeated 50 times for statistical evaluation.

Dataset/ Measure ~ Method Ew (%)

1st Dataset MLESAC 42.3
FILSAM 36.54
GCSAC 20.01

Sq tp (ms)  Eq (deg.)  Er (%)
1736.04 76863 158 14.15
1733.78 38622 1435 12.7
1702.09  58.71 8.76 3.83

o The relative error of the estimated radius E; is the difference of
the estimated radius r, and the ground truth one r;.

[re — 1t

E = x 100% (9)

t
o Let denote E, infer a difference between the estimated angle a,
and truth one a;. E; is calculated by:

Eq = |a. — at| (10)

For comparative evaluations, the proposed method (named GC-
SAC) is compared with two different schemes, as shown in Fig. 1.
One is original implementations of the MLESAC algorithm; and
the second one is named FILSAM. FILSAM utilizes the geomet-
rical constraints to filter out the good samples, before apply-
ing a linear fitting algorithm. For each evaluation, we denote
the corresponding result of each method as following format:
name_of_measurementneme-of-method ' Eqr instance, EMLESAC is the in-
lier ratio error of the MLESAC algorithm. In the evaluations for all
datasets, the smaller indexes (e.g., Ew, Er, E;) are, the better models
are estimated.

For setting the parameters, we fixed thresholds of the estima-
tors with T = 0.05 (or 5 cm), wy = 0.1. T is a distance threshold to
set a data point to be an inlier or outlier. For fair evaluations, T
is set equally for all three fitting methods. Choosing an optimal T
value is outside of the scope of this research. In case of the first
dataset, the measurement error is known as a Gaussian with zero
mean and standard deviation. According to [8] (Page 119), once the
distribution of noise data is known in advance (e.g., the spread of
the outliers is specified in Table 1), the threshold distance T is set
by T2 =5.9962. Therefore, in the experimental evaluation, thresh-
old distance T is equal 0.05. It ensures that an inlier will only be
incorrectly rejected 5% of the time. For the real datasets (the sec-
ond and third datasets), the threshold distance T is chosen empiri-
cally (T = 0.05). We observe in the real datasets that the cylindrical
objects have common shapes and sizes. The threshold T is set 0.05
that is to appropriate with the size of the objects (e.g., the average
radius of a coffee mug is about 3.75 cm). With threshold T = 0.05,
it equals only 13% of a common radius.

As discussed in Section 3.3, w is a small value because this
threshold is easier probing inliers from original data. In common
cases, inlier ratios are usually higher than 10% (e.g., often from 50%
to 60%). To filter out the good samples in the pre-processing step
of the FILSAM scheme, we collect the good samples from a number
of iterations. In practice, we set 10% from the maximally available
iterations.

4.3. Experimental results

We first examine the performances of GCSAC in terms of the
quality of the estimated model and computational time on the
first dataset. Because of using the synthesised data, we can con-
trol both ground-truth inlier ratios and handle the optimal solu-
tion on each point cloud dS;. As shown in Tables 2 and 3, all error
measurements inferring quality of the estimated model using our
method (e.g., Ew, Er, E;) are lower than that of MLESAC or FILSAM.
Fig. 6 investigates deeper the stop terminations (or convergence)
and residuals of GCSAC versus MLESAC. As shown in Fig. 6 left

panel, comparing to MLESAC, the proposed technique converges
faster and the stop criteria is met. Refer to Eq. (2), it may occur
that at a certain iteration, w determines a K less than the num-
ber iterations for samples selection that have already performed,
the number of iterations is reduced. However, the number of itera-
tions of both method is the unequal decreasing with thedecreasing
of inlier ratio because the sampling process is random and the es-
timation algorithm chooses a good sample when the number of
iterations is small.

Fig. 7 demonstrates that GCSAC is able to estimate a cylindrical
object even with a point cloud with an outlier rate of 90%. Intu-
itively, the estimated model by GCSAC is much better than that
of MLESAC (right-panel, Fig. 7). In terms of quantitative evaluation,
Table 2 shows measurements of E;, E; which also confirms the per-
formances of GCSAC versus MLESAC and FILSAM. Particularly, in
the case of the point clouds with low inlier ratios (e.g. from 10%
to 45%), the estimated model using MLESAC is failed because these
results are far from the corresponding ground-truth. The angle er-
ror is (E; = 15.8°) for MLESAC, whereas GCSAC's error is only 8.76°.
Generally, the quality of the estimated models using GCSAC and
FILSAM is quite similar (as shown by E; and E;). However, the pro-
cessing time is significantly different between the two methods.
While FILSAM requires a large computational time (t, = 386 ms),
GCSAC requires only 58.71 ms.

For the second and the third datasets, they consist of natu-
ral scenes which are taken at different viewpoints and various
types/sizes of the cylindrical objects. The effectiveness of the pro-
posed search for good samples of GCSAC is illustrated by Fig. 8.
While random MSS samples generate a failed candidate, as shown
in Fig. 8(a) (whose current inlier rate is 0.03). These samples are
updated using the searching process. Then a better model is esti-
mated with the inlier rate of 0.19 (refer to the current best model
in Fig. 8(c). Fig. 9 illustrates some example results using GCSAC on
the second dataset. The evaluation results are reported in Table 3.
All of the evaluation results show that GCSAC outperforms the
MLESAC and FILSAM methods. Specially, the estimated inlier ratio
w, and total distance error Sy confirm that fitting results are fairly
good with GCSAC. While FILSAM is the worst case, the MLESAC is
quite modest. These observations are also noted in [2,4].

We then deploy GCSAC in a real scenario where a visually im-
paired person queries a coffee cup in a kitchen [12]. The proposed
method therefore can be used as a robust estimator for locating
the coffee cup. Fig. 10(top panel) illustrates our experiment setup,
and Fig. 10(bottom panel) shows corresponding results, where the
coffee cups are marked in the point clouds. General performances
of GCSAC versus others are summarized in Table 3. The inlier ratios
in these evaluations are quite modest with more than 50% of en-
tire data points. Therefore, the processing time of GCSAC is reduced
compared to MLESAC and FILSAM. For each scenario, the computa-
tional time of GCSAC, MLESAC, FILSAM is 9.2 ms (or 110 fps), 9.9ms
(or 100 fps) and 10.64 ms (or 94 fps), respectively. The accuracy of
locating the interested object is verified using a chessboard which
is prepared in the setup.

The first dataset (synthesized point clouds, as described in
Table 1) for evaluation and the implementations of the pro-
posed GCSAC methods are available at http://mica.edu.vn/perso/
Le-Van-Hung/GCSAC/index.html.
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Table 3

Experimental results on three datasets 2, 3. The experiments were repeated 20 times, then errors

are averaged.

Dataset/Measure Method w (%) Sq t, (ms)  Eq (deg.)  E; (%)
2nd Dataset (Coffee mug) MLESAC 9.94 3269.77 110.28 9.93
FILSAM 11.23 3032.21 98.62 24.82
GCSAC 13.83 2807.40 3344 7.00
2nd Dataset (Food can) MLESAC 19.05 1231.16 479.74 19.58
FILSAM 19.32 1148.07 321.7 254
GCSAC 2141 1015.38 119.46 1348
2nd Dataset (Food cup) MLESAC 15.04 1211.91 101.61 21.89
FILSAM 16.25 1159.3 201.83 20.14
GCSAC 18.8 1035.19 1443 17.87
2nd Dataset (Soda can) MLESAC 13.54 1238.96 620.62 29.63
FILSAM 16.25 1190.43 345.82 33.35
GCSAC 20.6 1004.27 16.25 27.7
3rd Dataset MLESAC 46.04 63.99 9.87 23.87 20.85
FILSAM 47.59 54.93 10.64 22.6 17.81
GCSAC 4896  49.26 9.20 20.50 15.47
4
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Fig. 6. The number of iterations of GCSAC (left side) and MLESAC (right side) for estimating a cylinder from point clouds in the first dataset.

averaging 50 run times.
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. The results are given by

Fig. 7. The estimated cylinders (green points) in a point cloud of the first dataset with only 10% inlier. Right panel: GCSAC results. Left panel: MLESAC result. Red/blue points
are inliers and outliers, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

5. Conclusions

In this paper, we have presented a new frame-work of a
RANSAC-based algorithm for fitting a primitive geometrical model
from a point cloud. The key idea of the proposed method is a
new sampling process where good samples are qualified using ge-

ometrical constraints. We have shown that by adaptively updating
number of sample selection, the proposed algorithm more quickly
meets the termination conditions. We then applied the proposed
method to fit cylinder objects. It has no limitation to extend the
current work to other primitive shapes such as spheres, cones, or
boxes. In the current version, we evaluated intensively the pro-
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Updated model thanks to new
sample: w:0.19
Before choosing a good
sample: w: 0.03

Ihe best obtained
model: w:0.41

Fig. 8. An illustration of GCSAC's at a kth iteration to estimate a coffee mug in the second dataset. Left: the fitting result with a random MSS. Middle: the fitting result
where the random samples are updated due to applying the geometrical constrains. Right: the current best model.

Object fitted in

RGB Image point cloud data

Object fitted in

RGEimage point cloud data

Fig. 9. Result of coffee mug fittings. Ground-truth objects are marked as red points; estimated ones are marked as green points. (For interpretation of the references to

colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 10. The cup is detected by fitting a cylinder. Top row: The scenes in Dataset 3 captured at different view-points; Bottom row: The results of locating a coffee cup using

GCSAC in corresponding point clouds.

posed method on different datasets. Our proposed method can be
used to estimate a cylinder from point clouds which has low inlier
ratios. In the case of real data, we also obtained a real-time per-
formance for fitting the cylindrical-like objects such as coffee cup,
food can, soda can (22 fps). These results suggest a feasible way to
deploy aided-service to support visually impaired people grasping
objects which are common requested in their daily life activities. In
the future, we continue to validate these improvements on other
geometrical structures, especially with a robust estimator that is
independent of inlier distribution and error thresholds.
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