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In this paper, we propose a framework for fitting cylindrical objects toward deploy-

ing an object-finding-aided system for visually impaired people. The proposed frame-
work consists of a RANSAC-based algorithm and a model verification scheme. The pro- 
posed robust estimator named GCSAC (Geometrical Constraint SAmple Consensus) 
avoids expensive computation of the RANSAC-based algorithms due to its random 
drawing of samples. To do this, GCSAC utilizes some geometrical constraints for select-
ing good samples. These constraints are raised from real scenarios or practical applica-
tions. First, the samples must ensure being consistent with the estimated model; second, 
the selected samples must satisfy explicit geometrical constraints of the interested objects. 
In addition, the estimated model is verified by using contextual constraints, which could 
be raised from a certain scene such as object standing on a table plane, size of object, and 
so on. GCSAC’s implementations are carried out for various estimation problems on the 
synthesized dataset. The comparisons between GCSAC and MLESAC algorithm are im-
plemented on three public datasets in terms of accuracy of the estimated model and the 
computational time. Details of algorithm implementation and evaluation datasets are 
publicly available.   

 
Keywords: primitive shape estimation, RANSAC variations, quality of samples, 3D point 
cloud, cylinder fitting for finding 

 
 

1. INTRODUCTION 
 

Estimating parameters of a primitive geometric shape such as plane, sphere, cylinder 
or cone from a 3-D point cloud data is a fundamental research topic in the fields of com-
puter vision and robotics. The geometrical model of an interested object can be estimated 
using from two to seven geometrical parameters [1]. Random Sample Consensus 
(RANSAC) algorithm [2] and its paradigm attempt to extract as good as possible shape 
parameters. These algorithms face critical issues such as heavy noise of the data or pro-
cessing time constraints. Originally, the RANSAC algorithm consists of hypotheses 
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constraints). The idea is that at each iteration, thanks to the good samples, the better 
model (with higher inlier ratio) is highly expected. Consequently, the number of itera-
tions can be adaptively updated according to the inlier estimation. The estimation proce-
dure achieves an earlier termination. 

To evaluate the sample consensus, GCSAC utilizes a Negative Log-Likehood crite-
rion as defined by MLESAC algorithm [4]. Moreover, the estimated model is verified 
using contextual constraints. In the experimental evaluations, the proposed algorithm is 
compared with the original MLESAC on three realistic datasets in terms of both quality 
of the estimated model and the computational time. These datasets consist of cylindrical 
objects that are collected from various practical scenes. 

2. RELATED WORK 

For a general introduction and performances of RANSAC family, readers can refer 
to good surveys in [5, 6]. In the context of this research, we briefly survey related works 
which are categorized into two topics. First, efficient schemes on the selection of mini-
mal subset of samples for RANSAC-based robust estimators; and second, techniques for 
estimating parameters of primitive shapes, particularly, focusing on estimations of cylin-
drical objects. 

For the first topic, the original RANSAC with a straightforward implementation al-
ways requires considerable computational time. Many RANSAC variants have been pro- 
posed with further optimization for a minimal sample set (MSS) selection. Progressive 
Sample Consensus or PROSAC [3] orders quality of samples through a similarity func-
tion of two corresponding points in the context of finding good matching features be-
tween a pair of images. In PROSAC algorithm, the most promising hypotheses are at-
tempted earlier; therefore drawing the samples is implemented in a more meaningful or-
der. However, PROSAC faces critical issues for defining the similarity function. LO- 
RANSAC [7] and its fixed version LO+-RANSAC [8] add local optimization steps with- 
in RANSAC to improve accuracy. To speed up the computation, adaptive RANSAC [9] 
probes the data via the consensus sets in order to adaptively determine the number of 
selected samples. The algorithm terminates immediately at a smaller number of iterations. 
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 [9] should 
be explored. In the field of 3D object recognition, Chen et al. [10] propose DARCES 
(Data Aligned Rigidity Constrained Exhaustive Search) that deals with a partial matching 
problem and combines the rigidity constraint from the pre-selected control points. This 
constraint has been applied to a partial object to reduce processing time. In contrast, 
Drost et al. [11] proposed a framework (and Tolga et al. [12] revisited) that creates a 
global model description based on pair of feature points. Matching a model to a scene 
utilizes an efficient Hough-like voting scheme on a reduced pose parameter space. Re-
cently, USAC [13] introduced a new framework for a robust estimator. In 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 did not really deploy an estimator for primitive shape(s) from a point 
cloud. A recent work [14] proposed to use geometric verification within a RANSAC frame- 
work. The authors deployed several check procedures such as sample relative configura-
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3.3 The Proposed Robust Estimator  GCSAC 

To estimate parameters of a primitive shape, RANSAC-based algorithms (RANSAC, 
MLESAC, MSAC, LOSAC) usually draw randomly a Minimal Sample Set (MSS) or 
semi-random (PROSAC) or using constraints of the sample’s distribution (NAPSAC). 
The proposed GCSAC constructs a MSS in a different manner where random sampling 
procedures aims at probing the consensus data to be easily achievable. To do this, a low 
inlier threshold is pre-determined. After only (few) random sampling iterations, the can-
didates of good samples could be achieved. Once initial MSS is established, its samples 
will be updated by the qualified one (or good sample) so that the geometrical constraints 
of the interested object is satisfied. The estimated model is evaluated according to Max-
imum Log-likelihood criteria as MLESAC [4]. The final step is to determine the termina-
tion condition, which is adopted from the adaptive RANSAC algorithm [9]. Once the 
higher inlier ratio is obtained, the criterion termination K for determining a number of 
sample selections is updated by: 

log(1 )
log(1 )m

p
w

K 
  (7) 

where p is the probability to find a model describing the data, s is the minimal number of 
samples to estimate a model, w is percentage of inliers in the point cloud. While p often 
set to a fixed value (e.g., p = 0.99 as a conservative probability), K therefore depends on 
w and m. The algorithm terminates as soon as the number of iterations of current estima-
tion is less than that has already been performed. 
 

 

Algorithm 1: GCSAC’s implementation for fitting a cylindrical object from the point cloud 
Input: 3D Points with normal vectors: Un, Unn; iterations K 
Output: Estimated parameters of the cylinder; 
1 Algorithm: 
2 Step 1: initialization 
3 Step 2: While (k < K) 
4 { 
5 2.1   k + +; 
6 Drawing randomly two points P = {p1, p2} from Un; 
7 2.2 U*

n = Ø; 
8 2.3 if (U*

n  != Ø)   //estimate model Mk from P else goto 2.1 
9 2.4 Compute wk 
10 2.5 if (wk ≥ wt) and (wk > wm){ 
11 Search p*

2 by Eq. (9); 
12             Update U*

n = {p1, p
*
2} 

13 wm = wk;} 
14 2.6 Re-estimate Mk from U*

n  
15 2.7 Compute Ad = (c, nt) 
16 2.8 if (Ad < At) compute −L else goto 2.1 
17 2.9 if (−L < Lt){ 
18 choose the best model Mb; 
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19 re-compute K;} 
20 else goto 2.1 
21 } 

 
Details of the GCSAC’s implementation are given in Algorithm 1. Obviously, the 

criterion defining the good samples is the most important. Based on the idea of adaptive 
RANSAC [9] to probe initial samples, GCSAC starts from roughly selecting initial good 
samples. To initialize the stack U*

n, where U*
n is used to store m − 1 sample points and its 

inlier ratio wi), we assume that the worst case of inlier ratio wt = 0.1 (10%) is determined. 
Therefore, a consensus set containing more than 10% of the data is easily found. A mod-
el is estimated from m random samples. In case of estimating a cylinder, m equals 2 (m = 
2 [1]). 

After that, U*
n is reset. m samples and the inlier ratio wi of the estimated model are 

stored in U*
n if wi is equal to or greater than wt. Then, the MSS utilizes m  1 kept good 

samples. The remaining mth sample will be replaced by a better one which best satisfies 
the geometrical constraints of the interested shape. The good samples that satisfy the 
geometrical principles of a primitive shape are explained in section 3.4. If none of itera-
tions satisfies wi ≥ wt, the estimation algorithm degrades to the original MLESAC. The 
inlier ratio of an iteration depends on the threshold T. The selection of an optimal value 
for T is out of scope of this research. 

3.4 Geometrical Analyses for Qualifying Good Samples 

A cylinder is determined by following parameters: a center point on the cylinder ax-
is, denoted as Ic(x0, y0, z0); the main axis direction is a vector, denoted c; and its radius Rc. 
For geometrical analyses of a cylinder object, we adopted the analysis given by [1]. Us-
ing this setting, a cylinder is estimated from two points (p1, p2) (two grey-squared points 
in Fig. 4 (a)) and their corresponding normal vectors (n1, n2) (the blue lines in Fig. 4 (a)). 
Let c is the main axis direction (the pink line in Fig. 4 (a)) of the cylinder. It is estimated 
by c = n1 × n2. To estimate a centroid point Ic, we project two parametric lines L1 = p1 + 
tn1 and L2 = p2 + tn2 along the axis onto the PlaneY plane (the green plane in Fig. 4 (b)). 
The normal vector of this plane is estimated by a cross product of c and n2 vectors (c × 
n2). The centroid point Ic (the red point in Fig. 4 (d)) is the intersection of L1, L2 (two 
green lines in Fig. 4 (c)). The radius Rc is set to the distance between Ic and p1 on that 
plane. The estimated cylinder from a point cloud is illustrated in Fig. 4 (d). Without loss 
of generality, the height of the estimated cylinder is normalized to 1. The normal vectors 
are computed using techniques proposed in [21]. At each point pi, k-nearest neighbors kn 
of pi are determined within a radius r. The computation of normal vector at pi reduces to 
the analysis of eigenvectors and eigenvalues of the covariance matrix C created from kn 
neighbours of pi, as given by:  

1
1 . ( )( ) , , {0,  1,  2}nk T

i av i av j j jiknC p p p p C j


     v v  (8) 

where 

1
1 . nk

av iknp p   represents the 3D centroid of the nearest neighbors. j is the jth 

eigenvalue of the covariance matrix and vj is the jth eigenvector found by Eq. (8). 
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In these evaluations, the smaller indexes (e.g., Ea, Er, tp) are, the better method is. 
To evaluate the role of contextual constraints (as described in section 3.5), the quantita-
tive measurements are determined with and without using the proposed constraints. In 
experiments, we fixed the threshold of estimators T = 0.01 (or 1cm), the weight wt = 0.1 
and At = 20 degrees. T is a distance threshold to set a data point to be an inlier or outlier. 
For fair evaluation, T is set equally for both fitting methods. 

4.3 Evaluation Results on Real Datasets 

Fig. 17 shows some fitting results from the second and the third dataset. For compa- 
rative evaluations, Table 1 compares the performances of the proposed method (GCSAC) 
and MLESAC. In this table, Ea, Er, tp are averaged on whole fitting results of three da-
tasets. Compared with MLESAC, the objects estimated by GCSAC algorithm are highly 
accurate. The most differences between GCSAC and MLESAC can be observed from the 
fitting results for the first and the second datasets. While MLESAC always obtains Ea 
from 45 to 47, the GCSAC has lower Ea from 10 for the first dataset to 2 for the third 
dataset. The computational time is clearly different between GCSAC and MLESAC. 
Comparing three datasets, the first dataset has the highest error of the estimated radii: 
MLESAC is 92.85%, GCSAC is 81.01%. These errors come from missing data issues or 
many noises appear in green jars, yellow bottles, and pink bottles, as illustrated in Fig. 
18. 

 
                        (a)                               (b) 
Fig. 17. (a)-(b) Some examples of fitting results from the second and the third dataset. In these 

scenes, there is more than one cylindrical object. They are marked in red, green, blue and 
yellow, so on. The estimated parameters include radius, position (a center of the cylinder), 
main axis direction. The height can be computed using normalization in y-value of the es-
timated object. 

 

Table 1. Average results of the evaluation measurements using GCSAC and MLESAC 
on three datasets. The fitting procedures were repeated 50 times for statistical 
evaluations. 

Dataset Method 
Error measurements 

Ea(deg.) Er(%) tp(ms) 

First  
dataset 

MLESAC 46.47 92.85 18.10 
GCSAC 36.17 81.01 13.51 

Second 
dataset 

MLESAC 47.56 50.78 25.89 
GCSAC 40.68 38.29 18.38 

Third  
dataset 

MLESAC 45.32 48.48 22.75 
GCSAC 43.06 46.9 17.14 
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Fig. 20. Fitting results extracted from of one video of the first dataset. 

 

The proposed method also successfully locates multiple objects in scenes that are 
more complex (e.g., there are four cylindrical objects on a table). Consequently, the pro-
posed method could be feasible for deploying a completed system supporting visually 
impaired people in their daily activities. 

The fact the final goal could be formed as 3D object recognition task (e.g., [11, 12, 
25, 26]. This research field has been widely attempted in computer vision and robotics 
communities. Most of 3-D recognition techniques tend to address challenging issues such 
as occlusion, free-from styles, and unconstrained scene. To do this, a model scene 
matching (e.g., using point-pair feature, or geometrical consistent of local points) always 
is required in these approaches. Different from these works, the proposed method tends 
to use geometrical analysis of an interested object rather than using a prior model (or 
template) of object (in order to match between object and scene). However, the proposed 
method is suitable to some objects associated with geometrical analysis such as primitive 
shapes (spheres, cylinder, boxes, cone, so on) but not appropriate for free-form style ob-
jects. The detailed comparisons between a geometrical-based technique (e.g., the pro-
posed method) and matching-based approaches for 3D object recognition are out of 
scope. It suggests us future research directions in which critical factors such as computa-
tional time, accuracy of the estimated model, and cost for preparing training data of these 
types of the approaches will be comprehensively compared and examined. 

5. CONCLUSIONS 

In this paper, we proposed a new framework for fitting the cylindrical objects in the 
scene. We proposed to use some geometrical and contextual constraints for deploying the 
fitting algorithms. Not only proposed GCSAC, the context’s constraints used for verify-
ing the estimated model were proposed. In the experimental results, GCSAC is evaluated 
by quality of the estimating cylinders with various size in different practical scenarios 
and is compared with a common robust estimator (e.g., MLESAC). The performances of 
the proposed robust estimator GCSAC were confirmed. It could estimate cylindrical ob-
jects from point clouds that have been contaminated by noise and outliers. The average 
processing time of our proposed method is acceptable to deploy a real application. There- 
fore, it suggests us deploying the real application as aided-service for impaired/blind 

Frame 10th Frame 20th Frame 30th Frame 40th

RGB 
image

Point
cloud
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people. The application helps to query common objects in the kitchen or cafeteria. In the 
future, we continue to extend GCSAC for fitting other primitive shapes such as spherical, 
conical objects. 
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