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This paper presents a novel improved RANSAC algorithm based on probability andDS evidence theory to deal with the robust pose
estimation in robot 3D map building. In this proposed RANSAC algorithm, a parameter model is estimated by using a random
sampling test set. Based on this estimated model, all points are tested to evaluate the fitness of current parameter model and their
probabilities are updated by using a total probability formula during the iterations. The maximum size of inlier set containing the
test point is taken into account to get a more reliable evaluation for test points by using DS evidence theory. Furthermore, the
theories of forgetting are utilized to filter out the unstable inliers and improve the stability of the proposed algorithm. In order to
boost a high performance, an inverse mapping sampling strategy is adopted based on the updated probabilities of points. Both the
simulations and real experimental results demonstrate the feasibility and effectiveness of the proposed algorithm.

1. Introduction

RANSAC algorithm is one of the popular methods for
sensor data registration and modeling. In some vision-based
SLAM (Simultaneous Localization andMapping) algorithms,
RANSAC algorithm provides an efficient solution for image
matching procedure and establishes the data association
among different views [1–3]. There are two typical types of
algorithm for imagematching, the denseway [4, 5] and sparse
way [6, 7]. In dense match approach, the whole image is used
for parameter estimation [8, 9]. Although thismethod is quite
robust, it may be inaccurate when occlusion regions exist in
the matching images. Sometimes, the influence of occlusions
is reduced by using a robust weighted cost function. In sparse
match step, image features are detected by using SIFT, SURF,
or any other feature detection algorithms. The features are
matched by using the distance of feature descriptor, and
the matching pairs are sometimes ambiguous. To efficiently
achieve a correct matching result, some robust algorithms

were adopted to remove mismatching pairs, such as M-
estimation [10], LMedS (Least Median of Squares) [11], or
RANSAC (Random Sample Consensus) [12] algorithm. M-
estimation established a new cost function with a robust
weight. It worked well in some cases but was vulnerable to
the noise. LMedS optimized the model by minimizing the
median of errors. When the outlier rate was larger than 50%,
M-estimation and LMedS might be no longer applicable.
With the advantages of easy implementation and strong
robustness, RANSAC algorithm was widely used in model
parameter estimation problem. In standard RANSAC algo-
rithm, a hypothesis set was randomly selected to estimate a
parameter model. And an inlier set was detected by testing all
input data with the estimated parameter model. A maximum
size of inlier set was expected to be found within a predeter-
mined iteration. However, the performance of this standard
RANSAC was sometimes low. Even worse was the fact that
the solution may not be reached when all iterations were
finished.
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To efficiently improve the performance of standard
RANSAC algorithm, some methods have been proposed in
recent decades. A hypothesis evaluation function and local
optimization procedurewere adopted to achieve amore accu-
rate result. MSAC (M-estimation SAC) [10] evaluated the test
point set with a bounded loss function to achieve amaximum
likelihood consensus set. MLESAC (Maximum Likelihood
SAC) [10] evaluated the hypothesis set by using the probabil-
ity distribution of errors. The inlier error was modeled with
an unbiased Gaussian distribution and outlier error used a
uniform distribution. The maximum likelihood estimation
was solved by minimizing a cost function. MAPSAC (Max-
imum A Posteriori Estimation SAC) [13] followed a Bayesian
approach to solve the RANSAC problem with a robust MAP
estimation. LO-RANSAC (Local Optimized RANSAC) [14]
adopted an inner model reestimation procedure to improve
the accuracy of the RANSAC algorithm.

Moreover, some heuristic mechanism sampling strategies
and partial evaluation procedures were adopted to speed up
the convergence of the algorithm. It seemed that a good
sample strategy will reduce the time cost which was spent
in finding the solution. A hypothesis set was selected based
on the probabilities of test points in the Guided MLESAC
[15]. In PROSAC (Progressive SAC) [16], the matching score
was used as a prior knowledge for sorting the test data. A
hypothesis set was selected among the data which was in the
top-ranked matching score. It was also progressively tested
on the less ranked data. In some extreme cases, thewhole data
would be tried in this algorithm.According to the assumption
that an inlier tends to be closer to the inliers, NAPSAC (N
Adjacent Points SAC) [17] sampled the data within a defined
radius around a selected point. Based on the prelimi-
nary test of the hypothesis, Chum and Matas proposed
R-RANSAC (Randomized RANSAC) [18] and R-RANSAC
SPPR (Sequential Probability Ratio Test) [19]. These two
methods performed a preliminary test based on 𝑇𝑑;𝑑 and
SPPR test after evaluating test points in every iteration. And a
full test procedure was performed only when a hypothesis set
passed the preliminary test. The preliminary test procedure
effectively removed the obvious mistakes of hypothesis sets
and improved the efficiency of RANSAC algorithm. Optimal
RANSAC [20] adopted an inlier sample procedure to achieve
a more accurate model estimation. When the size of the
current inlier set was larger than a threshold, an inlier sample
procedure would be performed to achieve a more reliable
solution in the inlier set.

Furthermore, some intelligent algorithms such asGenetic
Algorithm (GA) and multilayered feed-forward neural net-
works (NFNN) were also proposed in RANSAC algorithm.
Rodehorst proposed a novel RANSAC algorithm based on
GA [21]. In GASAC, the parents were generated by a standard
RANSAC algorithm with a robust cost evaluation. Then, the
best solution was achieved by using crossover and mutation
operators on parents in GA procedure. Moumen presented
a rather comprehensive study of robust supervised training
of MFNN in a RANSAC framework from the standpoint of
both accuracy and time [22]. In the iteration of RANSAC,
the parameter model was estimated by using a small MFNN
which was minimizing the mean squared error (MSE) with

a standard back propagation algorithm. All inlier points were
used to reestimate a new parameter model by training a new
MFNN. And a new hypothesis set was achieved by using this
new MFNN model. The convergence solution was achieved
until the inlier set did not change any more.

In this paper, we propose a novel improved probability-
guided RANSAC (IPGSAC) algorithm for mobile robot 3D
map building. Under the framework of standard RANSAC
algorithm, two types of probabilities are evaluated for test
points by using a total probability formula and the statistics of
maximum size of inlier set. To achieve a more robust evalua-
tion of test points, DS evidence theory [23] is adopted to syn-
thesize the multisource evaluation of test points. Moreover,
the theories of forgetting are employed to filter out the unsta-
ble inliers. Based on the probability of test points, an inverse
mapping sampling strategy is utilized to improve the conver-
gence rate of the proposed algorithm. Finally, this proposed
IPGSAC algorithm is applied for the mobile robot 3D map
building. All the experimental results show the feasibility and
effectiveness of the proposed algorithm.

The rest of this paper is organized as follows: in Section 2,
we summarize IPGSAC before explaining each in detail. The
components of our robotmapbuilding procedure are detailed
in Section 3. Our simulation and real experimental results are
described in Section 4. Finally, we give our conclusions and
future work in Section 5.

2. IPGSAC Algorithm

2.1. Methodology Overview. The proposed IPGSAC algo-
rithm is illustrated in Figure 1. At the beginning of IPGSAC
algorithm, the probabilities of test points are initializedwith a
hybrid distribution. Based on those probabilities, 𝑛 points are
selected for model estimation by employing an inverse map-
ping sampling strategy. The inlier and outlier sets are distin-
guishedwith a tolerance threshold 𝑟0.When the residual error
𝑟𝑖 of point 𝑝𝑖 is larger than 𝑟0, the 𝑝𝑖 is identified as an outlier
point. Then, two types of probabilities are evaluated for test
points by using a total probability formula and the statistics of
maximum size of inlier set. According to the average observa-
tions of inlier points, the theories of forgetting are employed
to reduce the redundancy of unstable inliers. To achieve a
more reliable evaluation, the probability evaluations are syn-
thesized by using DS evidence theory. When the maximum
iteration limit is arrived at or the stopping criterion is
reached, themain loop of IPGSACwill be finished. Finally, we
reestimate the model parameter by using all inliers to achieve
a more reliable inlier set with 3∼5 iterations. In the standard
RANSAC, the minimum number of iterations 𝑘max ensures
that a correct hypothesis set is achieved with a determined
confidence level at least once and it can be estimated by

𝑘max =
log (1 − 𝑧)

log (1 − 𝑤𝑛)
, (1)

where 𝑧 is the confidence level, 𝑤 indicates the inlier
rate, and 𝑛 indicates the minimum number of test points
for model estimation. In the proposed IPGSAC algorithm,
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Figure 1: The illustration of the proposed IPGSAC algorithm.

the maximum number of iterations is limited by (1) with the
confidence level 98%.

In this proposed algorithm, a maximum inlier set is
expected to be found when the algorithm is converged. To
avoid falling into local optimum, a pseudo inlier rate is used
to limit the minimum size of inlier set.The stopping criterion
is described as follows:

Setinlier == Set𝑚,

𝑛inlier ≥ 𝛼𝑁,

(2)

where Setinlier is the inlier set which is acquired in the
current iteration, 𝑛inlier is the number of points in Setinlier,
Set𝑚 indicates the maximum inlier set so far, and 𝛼 is the
pseudo minimum inlier rate. 𝑁 is the total number of test
points. Operator “==” means that two sets are very similar.
The detailed description of each component of the proposed
algorithm is given in the following sections.

2.2. Initialization of Probabilities. Inspired byMLESAC algo-
rithm, we assume that the inlier data is satisfied to a normal
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distribution and the outlier data is fitted to a uniform
distribution. The hybrid distribution is described as follows:

𝑃 (𝑝𝑖) = 𝛾
1

√2𝜋𝛿
exp(−

(𝑒𝑖 − 𝑐)
2

2𝛿2
) + (1 − 𝛾)

1

V
, (3)

where 𝑒𝑖 is the residual error of 𝑝𝑖 with the model estimated
by using all data, 𝑐 is the expectation of inlier errors, 𝛿 is the
variance of 𝑒𝑖, V determines the probability of outlier point,
and 𝛾 indicates whether 𝑝𝑖 is an inlier or not. When 𝑝𝑖 is
an inlier point, then 𝛾 = 1; otherwise 𝛾 = 0. To evaluate
the distribution, the length of error interval 𝐿 is calculated
with the minimum and maximum of error. The mean and
variance of error are used as an initial estimation of 𝑐 and 𝛿,
respectively. By limiting the length of searching interval with
the maximum value of 𝑔𝐿 and 2𝛿, 𝑐 and 𝛿 are solved by using
a standard normal distribution with several iterations. In this
proposed algorithm, V = 𝑁 and 𝑔 = 0.1.

2.3. Evaluation Inlier Probabilities. In standard RANSAC
algorithm, the parameter model is estimated by using a ran-
dom sample test set. According to this estimated model, the
inlier and outlier set are determined in this iteration. While
this procedure should be aimless, it needs a large number
of iterations to find an optimal solution. This paper aims
to provide an effective and reliable inlier evaluation method
and speed up the convergence of RANSAC algorithm. In the
BaySAC [24], Botterill et al. assumed that the probabilities
of test points were independence in the same hypothesis set.
Firstly, 𝑛 points were selected to estimate a parameter model
𝑠. Then, all input points were tested to find an inlier set. The
probabilities of inlier points were updated by using (4) and
did not change the outlier’s probabilities:

𝑃 (𝑝𝑖 ∈ 𝑀 | 𝑠 ̸⊂ 𝑀)

=
𝑃 (𝑝𝑖 ∈ 𝑀) 𝑃 (𝑠 ̸⊂ 𝑀 | 𝑝𝑖 ∈ 𝑀)

𝑃 (𝑠 ̸⊂ 𝑀)

=
𝑃 (𝑝𝑖 ∈ 𝑀) (1 − 𝑃 (𝑠 ⊆ 𝑀 | 𝑝𝑖 ∈ 𝑀))

1 − 𝑃 (𝑠 ⊆ 𝑀)

=
𝑃 (𝑝𝑖 ∈ 𝑀) (1 − 𝑃 (𝑠 ⊆ 𝑀) /𝑃 (𝑝𝑖 ∈ 𝑀))

1 − 𝑃 (𝑠 ⊆ 𝑀)

=
𝑃 (𝑝𝑖 ∈ 𝑀) − 𝑃 (𝑠 ⊆ 𝑀)

1 − 𝑃 (𝑠 ⊆ 𝑀)
,

(4)

where 𝑀 is the consensus set that contains all inlier points
and all correctmodels and𝑝𝑖 indicates a test point.𝑃(𝑝𝑖 ∈ 𝑀)

evaluates the probability of a point being an inlier.𝑃(𝑝𝑖 ∈ 𝑀 |

𝑠 ̸⊂ 𝑀) describes the probability of a point being an inlier,
under the condition that the estimatedmodel 𝑠 is not a subset
of 𝑀. The BaySAC is poor when the probabilities of test
points are the same.With the proposed initialization of prob-
ability, it is sometimes difficult to achieve the convergence of
BaySAC. In order to improve the convergence of the proposed
algorithm, a multisource evaluation strategy is employed to
achieve a higher confident probability analysis of test points.

First of all, a full probability update procedure is used to
achieve a more reliable and comprehensive evaluation of test
points.The total probability update procedure is expressed as

𝑃 (𝑝𝑖 ∈ 𝑀) = 𝑃 (𝑝𝑖 ∈ 𝑀 | 𝑠 ̸⊂ 𝑀) 𝑃 (𝑠 ̸⊂ 𝑀)

+ 𝑃 (𝑝𝑖 ∈ 𝑀 | 𝑠 ⊆ 𝑀) 𝑃 (𝑠 ⊆ 𝑀) ,

(5)

where 𝑃(𝑝𝑖 ∈ 𝑀 | 𝑠 ̸⊂ 𝑀) is calculated by using (4) and
𝑃(𝑝𝑖 ∈ 𝑀 | 𝑠 ⊆ 𝑀) indicates the probability of 𝑝𝑖 being
an inlier, under the condition that the estimated model 𝑠 is a
subset of 𝑀:

𝑃 (𝑝𝑖 ∈ 𝑀 | 𝑠 ⊆ 𝑀) = 1 −



𝑟𝑖

𝑟0



, (6)

where 𝑟𝑖 is the residual error of point 𝑝𝑖 with the current
estimated model. 𝑃(𝑠 ⊂ 𝑀) evaluates the probability of the
estimated model being a correct model. As the number of
the inliers illustrates the correctness of the estimated model,
𝑃(𝑠 ⊆ 𝑀) is estimated by using the proportion of inlier in this
iteration:

𝑃 (𝑠 ⊆ 𝑀) =
𝑛inlier

𝑁
,

𝑃 (𝑠 ̸⊂ 𝑀) =
𝑛outlier

𝑁
,

(7)

where 𝑛inlier and 𝑛outlier are the number of inlier and outlier
points, respectively. 𝑁 = 𝑛inlier + 𝑛outlier is the total number of
test points.Moreover, 𝑛inlier not only indicates the correctness
of current model estimation, but also evaluates the possibility
that the test point is an inlier. The statistics of maximum size
of inlier set which contains the test points is employed to
reevaluate the probabilities of test points in the iteration.The
evaluation of inlier and outlier points are defined as

𝑃𝑚 (𝑝𝑖 ∈ 𝑀) =
𝑛𝑖

�̃�
,

𝑃𝑚 (𝑝𝑖 ∉ 𝑀) = 1 −
𝑛𝑖

�̃�
,

(8)

where 𝑛𝑖 is the maximum size of inlier set which contains the
test point 𝑝𝑖 and �̃� = ∑

𝑁

𝑖=1
𝑃(𝑝𝑖 ∈ 𝑀) indicates the current

predicted size of inlier set.

2.4. Probability Fusion with DS Evidence Theory. During the
iteration of IPGSAC algorithm, the probabilities of test points
are updated by using our evaluation criteria. As it is a type of
uncertain information, the probabilities indicate the possibil-
ity that a point belongs to an inlier set. Generally, the informa-
tion is characterized as inherently uncertain, imprecise, and
incomplete. The representation and reasoning of uncertainty
information are one of the important research issues in
artificial intelligence (AI). Many researchers devote them-
selves to modeling the representation and reasoning of the
uncertain information. According to the inherently uncer-
tain characteristics of information, a more reasonable and
accurate evaluation is achieved by synthesizing somedifferent
sources of information with some specified rules.
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DS evidence theory, proposed by Dempster and Shafer, is
one of the popular methods for the multisource information
fusion. The evidence theory describes the uncertainty of
information by using the discernment framework, the basic
probability belief functions, and likelihood functions [23].
Suppose that there is a problem written as 𝑥 and the
discernment set Θ contains all the possible solutions of 𝑥. All
the elements are mutually independent in the discernment
set Θ. The solutions of 𝑥 only take from Θ in any case.
Θ is defined as a discernment framework and written as
{𝜃1, 𝜃2, . . . , 𝜃𝑖, . . . , 𝜃𝑛}. 𝜃𝑖 is a really defined focal element of
discernment framework Θ; 𝑛 is the number of elements in Θ.
The power set of a discernment framework 2

Θ contains all
subsets of the discernment framework.There are 2

𝑛 elements
in 2
Θ and each of the elements corresponds to a solution for

𝑥. The power set 2
Θ is composed of the following subsets:

(1) It contains the empty set 𝜙 and all of the elements in
Θ;

(2) If subset 𝐴, 𝐵 ∈ 2
Θ, then 𝐴 ∪ 𝐵 ⊆ 2

Θ;
(3) Excepting (1) and (2), it no longer contains any other

subsets.

In DS evidence theory, a probability belief function is
adopted to describe the uncertainty of evidence. This prob-
ability belief function is defined as 𝑚 : 2

Θ
→ [0, 1], such that

∑

𝐴∈Θ

𝑚 (𝐴) = 1,

𝑚 (𝜙) = 0,

(9)

where 𝜙 is an empty set, 𝑚 is a probability belief function in
2
Θ, and𝑚(𝐴) describes the confidence probability of solution

𝐴.
Generally, the probability belief function is used to evalu-

ate the probability of a reasoning that endows the supposing
of the solutions.The final judgment is generally influenced by
many factors. According to the DS evidence theory, a synthe-
sis method is illustrated to fuse two or more basic probability
belief functions by using a sum of orthogonal operations.
Assume that 𝑚1 and 𝑚2 are the corresponding probability
belief functions which are mutually independent in the same
discernment set Θ. For the focal elements 𝐴1, 𝐴2 and 𝐵1, 𝐵2,
the synthesis operation is described as

𝐾 = ∑

𝐴𝑖∩𝐵𝑗=𝜙

𝑚1 (𝐴 𝑖) 𝑚2 (𝐵𝑗)

𝑚 (𝐴)

=

{{

{{

{

∑
𝐴𝑖∩𝐵𝑗=𝐴

𝑚1 (𝐴 𝑖) 𝑚2 (𝐵𝑗)

1 − 𝐾
∀𝐴 ⊂ Θ, 𝐴 ̸= 𝜙

0 𝐴 = 𝜙,

(10)

where 𝐾 is conflict coefficient and 1/(1 − 𝐾) is regularization
factor.

In this proposed IPGSAC algorithm, the status of test
samples is assigned as inlier(𝐴) or outlier(𝐵) and the discern-
ment framework Θ is {𝐴, 𝐵}. The probability brief function

is written as [𝑚(𝐴 𝑖), 𝑚(𝐵𝑖)] for each test point. According to
Section 2.3, the probability brief function is defined as

𝑚1 (𝐴) = 𝑃 (𝑝𝑖 ∈ 𝑀) ,

𝑚1 (𝐵) = 𝑃 (𝑝𝑖 ∉ 𝑀) ,

𝑚2 (𝐴) = 𝑃𝑚 (𝑝𝑖 ∈ 𝑀) ,

𝑚2 (𝐵) = 𝑃𝑚 (𝑝𝑖 ∉ 𝑀) .

(11)

2.5. Probability Filtering withTheories of Forgetting. For some
low constrained model estimation problem, there exist a few
of outlier points which easily satisfy the current estimated
model but are not stable. During the DS fusion procedure,
this incorrect judgment will have a great influence on the
convergence of the proposed algorithm. Evenworse is the fact
that the sample probability of inlier is finallymuch lower than
the outlier and the algorithm is hardly converged. To further
improve the proposed algorithm, the theories of forgetting
are used to filter out the unstable inliers and achieve a more
stable solution.

According to theories of forgetting, the forgetting curve
can be roughly described as

𝑅 = exp (−
𝑡

𝑆
) , (12)

where 𝑅 is memory retention, 𝑆 is the relative strength of
memory, and 𝑡 describes the time. As our proposed algorithm
is an online learning procedure, we use (13) to describe the
forgetting and reviewing procedure:

𝑅 = exp (𝑜 − 1) , (13)

where 𝑜 indicates the average observations when the inlier set
is similar to current maximum set. And the maximum inlier
size of 𝑝𝑖 is refreshed by 𝑛𝑖 = 𝑅𝑛𝑖.

Figure 2 shows the estimated parameters for the fun-
damental matrix estimation when the outlier rate is 80%.
Figure 2(a) demonstrates a typical online learning procedure
with 50 iterations. During the iteration, the probabilities of
test points are updated by using a total probability formula.
After 30 iterations, a convergent solution is achieved with a
stable sample probability of inlier and outlier. In Figure 2(b),
the maximum inlier size of point is adopted to reinforce the
probabilities of test points by using proposed DS fusion pro-
cedure.Due to the incorrect judgment of test points, the prob-
ability of outlier is waved between 0 and 0.8. And the sample
probability of inlier is decreased after several iterations.
Although a correct inlier set is achieved in the 3rd iteration, it
becomes more and more difficult to reach the convergence
of the algorithm. Figure 2(c) illustrates the result of our
proposed algorithm which is guided by proposed probability
update procedure. After a correct hypothesis set is found,
the probabilities of test points obviously distinguished that
the probability of inlier is near to 1 and outlier is near to 0.
The influence of the incorrect judgment is filtered by using
the theories of forgetting. After a few iterations, the curve of
the predicted inlier size is much smoother than illustrated in
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Figure 2:The estimated parameters during the fundament estimation simulation. (a) shows the results by using the total probability formula,
(b) illustrates the result with DS evidence theory, and (c) demonstrates the result of the procedure of the proposed algorithm.

Figures 2(a) and 2(b) and it is highly consistent with the
presetting of the simulation.The results demonstrate the high
performance and reliability of the proposed algorithm.

2.6. Inverse Mapping Sampling Strategy. During the proce-
dure of RANSAC, a good sampling strategy is an important
guarantee of convergence of algorithm. In IPGSAC, the
probabilities of test points are evaluated andmerged by using
DS evidence theory. To speed up the convergence rate of the
proposed algorithm, an inverse mapping sampling strategy

[25, 26] is utilized for the hypothesis set selection according
to the updated probability of test points. The principle of this
sampling procedure is as follows: assume that the probability
distribution function of a continuous random variable 𝑋

is written as 𝐹(𝑥). 𝐹
−1

(𝑢) is an inverse function of 𝐹(𝑥)

where 𝑢 ∈ [0, 1]. 𝐹
−1

(𝑢) and 𝐹(𝑥) have the same probability
distribution function and the probability distribution is
expressed as

𝑃 (𝑋 ≤ 𝑥) = 𝑃 (𝐹
−1

(𝑢) ≤ 𝑥) = 𝑃 (𝑈 ≤ 𝐹 (𝑥)) . (14)
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For a discrete random variable 𝑋, a cumulative probabil-
ity distribution function is expressed as

𝑃 (𝑋 ≤ 𝑥) = ∑

𝑥𝑖≤𝑥

𝑃 (𝑥𝑖) . (15)

In the inversemapping sampling strategy, [0, 1] is divided
into 𝑛 subsections which is corresponding to sample points.
The 𝑘th subsection is expressed as [∑

𝑘−1

𝑖=1
𝑃(𝑥𝑖), ∑

𝑘

𝑖=1
𝑃(𝑥𝑖)).

When a uniform sampled variable 𝑢𝑘 ∈ [0, 1] is achieved in
the 𝑖th subsection, the corresponding data of this subsection
is the expected output. In our proposed algorithm, the proba-
bility of test point 𝑝𝑖 is normalized by 𝑤𝑖 = 𝑃(𝑝𝑖)/ ∑

𝑛

𝑖=1
𝑃(𝑝𝑖).

And a sampling cumulative density function (CDF) 𝐹 is
defined by 𝐹(𝑝𝑖) = ∑

𝑖

𝑘=1
𝑤𝑘. The expected output is 𝑝𝑖 when

the random variable 𝑢𝑘 is in the subsection [𝐹(𝑝𝑖), 𝐹(𝑝𝑖+1)).
In our proposed IPGSAC algorithm, a hypothesis set is

randomly selected by using the inverse mapping sampling
strategy with the probabilities of test points. When the prob-
abilities of test points are equal, the sampling method obeys
a uniform sampling approach and it is consistent with the
standard RANSAC algorithm. When those probabilities are
different, the procedure will improve the sample probability
of the point which has a high probability. When a correct
hypothesis set is achieved, especially, the probabilities of
inlier will be greatly improved with the proposed evaluation
procedure.Then, the sampling probability of these inliers will
be increased rapidly.Therefore, it will effectively speed up the
convergence rate of the proposed algorithm.

2.7. Implementation of IPGSAC Algorithm. A general frame-
work of the proposed IPGSAC algorithm is shown in
Algorithm 1. The proposed algorithm can be divided into
the initialization of probability, the main loop, and the
final reestimation. At the beginning of this algorithm, some
parameters should be defined before the procedure of each
part. In the initialization step, the test points’ probabilities are
evaluated by the hybrid distribution. Then, the main loop of
the proposed algorithm starts to find the solution of model
estimation. In this procedure, a hypothesis set Settest contain-
ing 𝑛 test points is randomly selected for model estimation
by using the inverse mapping sampling strategy. When the
model estimation error is larger than the tolerance threshold
𝑟0, the model estimation fails and the probabilities of test
points are updated by using (4) with 𝑃(𝑠 ⊂ 𝑀) = 0. When
themodel estimation succeeds, the probabilities of test points
are evaluated by using the total probability formula. And
the maximum inlier size of test point in Setinlier is refreshed
by current inlier size 𝑛inlier. To reduce the influence of
incorrect judgment, a forgetting factor𝑅 is computedwith the
average of observation when an inlier set is similar to current
maximum set. Other evaluations of test points are estimated
with themaximum inlier size 𝑛𝑖 and forgetting factor. Amore
reliable probability evaluation of test points is achieved by
employing the DS evidence theory. Finally, the convergent
constraint should be checked in every iteration. When the
convergent constraint arrives, the reestimation step is per-
formed in several times to achieve a more reliable inlier set
and model estimation.

3. Robot 3D Map Building Using IGPSAC

3.1. Preliminaries Definition. Kinect is a low cost depth sensor
which is widely used in 3D map building system. Assume
that the image and depth captured byKinect are precalibrated
by using the method presented in [27] and the depth is pre-
warped into the image frame.The intrinsic parameter matrix
𝐾 of RGB camera is written as

𝐾 =
[
[

[

𝑓𝑢 0 𝑐𝑢

0 𝑓V 𝑐V

0 0 1

]
]

]

, (16)

where (𝑓𝑢, 𝑓V) and (𝑐𝑢, 𝑐V) are the focal and image center
of RGB cameras, respectively. According to these intrinsic
parameters, the projection from a 3D point to image pixel is
described as

𝑢 = 𝐾𝜋 (𝑝) , (17)

where 𝑝 = (𝑥, 𝑦, 𝑧) is a 3D point in current camera frame and
𝜋(𝑝) = (𝑥/𝑧, 𝑦/𝑧).

During the map building procedure, Kinect is fixed on
a mobile robot with a consistent translational speed. We
assume that the pose of robot is the same as the Kinect and
theworld coordinate is set at the locationwhere robot starts to
run. At the time 𝑖, robot’s pose is described as

𝑇𝑖 = [

𝑅𝑖 𝑡𝑖

0 1
] , (18)

where 𝑇𝑖 ∈ SE(3); SE(3) is a special rigid transformation
group. 𝑅𝑖 is the rotation matrix; 𝑡𝑖 is the translation vector.
According to the 𝐿𝑖𝑒 algebra, 𝑇𝑖 is expressed as

𝑇𝑖 = exp (�̂�) , (19)

where 𝜁 = (𝛼, 𝛽, 𝛾, 𝑡𝑥, 𝑡𝑦, 𝑡𝑧), and �̂� is define as

�̂� =

[
[
[
[
[

[

0 𝛾 −𝛽 𝑡𝑥

−𝛾 0 𝛼 𝑡𝑦

𝛽 −𝛼 0 𝑡𝑧

0 0 0 0

]
]
]
]
]

]

. (20)

3.2. Pose Estimation Based on IPGSAC. In this paper, FAST
corner algorithm [28, 29] is employed to detect the features
and the BRIEF [30] descriptor is utilized for featurematching.
With the image matching pairs, a derivative ICP [31] algo-
rithm is adopted based on the projection errors. Generally,
there exist some invalid depth measurement regions in the
captured depth images. Suppose that all matching pairs men-
tioned in this section have the valid depth measurement.The
pose estimation model is described as

𝐸 = argmin
𝑇𝑘

1

𝑁
∑

Ω

𝑟𝑖 (𝜉)
 , (21)
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(1) Parameter setting: input data 𝐷𝑎𝑡𝑎, 𝛼 = 0.05,
minimum model estimation data size 𝑛, tolerance threshold 𝑟

0
,

setup Model function 𝑚𝑜𝑑𝑒𝑙𝐹𝑢𝑛𝑐, 𝑚𝑜𝑑𝑒𝑙𝐼𝑛𝑙𝑖𝑒𝑟,
reset maximum inlier size 𝑝𝑖, 𝑛𝑖 = 𝑛;

(2) Estimate the maximum iterations 𝑘max;
(3) Initialize the probabilities of test points by using a hybrid distribution;
(4) for 𝑖 = 1 to 𝑘𝑚 do
(5) 𝑆𝑒𝑡𝑡𝑒𝑠𝑡 = 𝑖𝑛V𝑒𝑟𝑠𝑒 𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔(𝐷𝑎𝑡𝑎, 𝑛);
(6) (𝑒𝑟𝑟𝑜𝑟, 𝑠) = 𝑚𝑜𝑑𝑒𝑙𝐹𝑢𝑛𝑐(𝑆𝑒𝑡𝑡𝑒𝑠𝑡);
(7) if 𝑒𝑟𝑟𝑜𝑟 > 𝑟0

(8) Update probabilities of points in 𝑆𝑒𝑡𝑡𝑒𝑠𝑡, 𝑃(𝑝𝑖 ∈ 𝑀) = 𝑃(𝑝𝑖 ∈ 𝑀 | 𝑠 ̸⊂ 𝑀);
(9) else
(10) (𝑆𝑒𝑡𝑖𝑛𝑙𝑖𝑒𝑟, 𝑟, 𝑛𝑖𝑛𝑙𝑖𝑒𝑟) = 𝑚𝑜𝑑𝑒𝑙𝐼𝑛𝑙𝑖𝑒𝑟(𝐷𝑎𝑡𝑎, 𝑠);
(11) Update the probabilities of all test points 𝑃(𝑝𝑖 ∈ 𝑀) by using (5);
(12) Update the maximum inlier size. For 𝑝

𝑖
in 𝑆𝑒𝑡

𝑖𝑛𝑙𝑖𝑒𝑟
, 𝑛
𝑖
= max(𝑛

𝑖
, 𝑛
𝑖𝑛𝑙𝑖𝑒𝑟

);
(13) end if
(14) Compute the forgetting factor 𝑅;
(15) Compute 𝑃𝑚(𝑝𝑖 ∈ 𝑀) = 𝑅(𝑝𝑖)𝑛𝑖/�̃�;
(16) Update the probability 𝑃(𝑝𝑖 ∈ 𝑀) using DS evidence theory;

𝐾 = 𝑃(𝑝𝑖 ∈ 𝑀)𝑃𝑚(𝑝𝑖 ∉ 𝑀) + 𝑃(𝑝𝑖 ∉ 𝑀)𝑃𝑚(𝑝𝑖 ∈ 𝑀)

𝑃(𝑝
𝑖
∈ 𝑀) =

𝑃(𝑝𝑖 ∈ 𝑀)𝑃𝑚(𝑝𝑖 ∈ 𝑀)

1 − 𝐾
(17) if 𝑛𝑖𝑛𝑙𝑖𝑒𝑟 > 𝛼𝑁 and 𝑆𝑒𝑡𝑚 == 𝑆𝑒𝑡𝑖𝑛𝑙𝑖𝑒𝑟

(18) break;
(19) end if
(20) if 𝑛𝑖𝑛𝑙𝑖𝑒𝑟 > 𝑚𝑎𝑥𝐼𝑛𝑙𝑖𝑒𝑟𝑆𝑖𝑧𝑒

(21) Update 𝑆𝑒𝑡𝑚 with 𝑆𝑒𝑡𝑖𝑛𝑙𝑖𝑒𝑟;
(22) 𝑚𝑎𝑥𝐼𝑛𝑙𝑖𝑒𝑟𝑆𝑖𝑧𝑒 = 𝑛𝑖𝑛𝑙𝑖𝑒𝑟;
(23) end if
(24) end for
(25) for 𝑖 = 1 to 𝑘 do
(26) (𝑒𝑟𝑟𝑜𝑟, 𝑠) = 𝑚𝑜𝑑𝑒𝑙𝐹𝑢𝑛𝑐(𝑆𝑒𝑡𝑚);
(27) (𝑆𝑒𝑡𝑚, 𝑟, 𝑛𝑖) = 𝑚𝑜𝑑𝑒𝑙𝐼𝑛𝑙𝑖𝑒𝑟(𝐷𝑎𝑡𝑎, 𝑠);
(28) end for

Algorithm 1: IPG SAC algorithm.

where 𝑟𝑖 is the projection error and defined as 𝑟𝑖(𝜉) =

𝐾𝜋(𝑇(𝜉)𝑝𝑖) − 𝑥𝑖; 𝑝𝑖 is a point in the reference point cloud
which is corresponding to the new captured feature 𝑥𝑖. Ω

indicates a set of image matching pairs; 𝑁 is the size of Ω.
To achieve the optimization of (21), the projection error

𝑟𝑖 is approximated by first-order Taylor expansion

𝑟𝑖 = 𝑟𝑖 (0) + 𝐽𝜉, (22)

where 𝐽 = (𝜕𝑟𝑖/𝜕𝜉)|𝜉=0.
According to Euler-Lagrange formula, the optimal solu-

tion of (21) is solved by using a Newton iteration step with

𝜕𝐸

𝜕𝜉
=

1

𝑁
∑

Ω

𝐽
𝑇

(𝑟𝑖 (0) + 𝐽𝜉) ,

𝜉 = −∑

Ω

(𝐽
𝑇
𝐽)
−1

∑

Ω

𝐽𝑟𝑖 (0) .

(23)

Due to the ambiguity of image matching procedure, the
proposed IPGSAC algorithm is utilized for removing the
outliers (mismatching pairs) and achieving an accurate pose
estimation. The detail of this pose estimation procedure is
similar to Algorithm 1.

3.3. Keyframe Selection with Maximum Matching Distance.
With the accurate estimated poses, a 3D Map is built with
the captured depth and color data. Considering that there are
about 300,000 points in every frame, it is necessary to create
a more concise representation of the 3D map. A keyframe
selection mechanism is employed with maximum matching
distance in the algorithm. The map building procedure will
start only when a new keyframe is captured. However, the
accuracy of pose estimation is largely dependent on the over-
lap of the input data.Therefore, a distance threshold𝑑0 and an
angle threshold 𝜃0 are employed for the keyframes selection.
In the procedure of keyframe selection, if the pose estimation
between current frame 𝐼𝑖+1 and keyframe 𝐼

𝑘−1

𝑘𝑓
fails or the

distance 𝑑 or the angle 𝜃 between them is larger than the
thresholds, the frame 𝐼𝑖 will be chosen as a new keyframe.The
principle of keyframe selection is described as follows:

𝐼
𝑘

𝑘𝑓
= {𝐼𝑖 | icp (𝐼

𝑘−1

𝑘𝑓
, 𝐼𝑖) > 0, icp (𝐼

𝑘−1

𝑘𝑓
, 𝐼𝑖+1) ≤ 0} , (24)

where icp (𝐼1, 𝐼2) evaluates the procedure of pose estimation
and icp = 0 when pose estimation fails or 𝑑 ≥ 𝑑0 or 𝜃 ≥ 𝜃0;
for others, icp = 1.
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Figure 3: The recall ratios with 30 and 50 iterations in line fitting simulation.

3.4. LoopDetection andOptimization. During themap build-
ing, the quality of global map is largely dependent on the
accuracy of the pose estimation. However, a drift arises with
the accumulation of the pose estimation error during the 3D
map building experiment. To effectively achieve the global
optimization of the 3D map, a vision-based loop detecting
method is used to check the loop closure when a new
keyframe is captured. During the loop detecting procedure,
the relative poses between current keyframe and previous
nonadjacent keyframes are estimated by using the pose
estimation algorithm. A successful estimation of relative pose
means that a loop closure is detected and the optimization
algorithm will be performed immediately. In this paper,
TORO (tree-based network optimizer) [32, 33] algorithm is
employed to achieve a global optimization of the generated
map. In TORO algorithm, a tree structure is constructed by
using the robot’s poses and relative poses among keyframes.
The error function which evaluates the observed and calcu-
lated relative pose is minimized to optimize all the estimated
poses and achieve a global consistent 3D map. The optimiza-
tion function is described as

𝑇𝑘𝑓 = argmin
𝑇𝑘𝑓

𝐹 (𝑇𝑘𝑓) ,

𝐹 (𝑇𝑘𝑓) = ∑

(𝑖,𝑗)∈𝐺

𝑒 (𝑇
𝑖

𝑘𝑓
, 𝑇
𝑗

𝑘𝑓
, 𝑇𝑖𝑗)

𝑇

Λ𝑒 (𝑇
𝑖

𝑘𝑓
, 𝑇
𝑗

𝑘𝑓
, 𝑇𝑖𝑗) ,

(25)

where 𝑇𝑘𝑓 = {𝑇
1

𝑘𝑓
, . . . , 𝑇

𝑖

𝑘𝑓
, . . . , 𝑇

𝑛

𝑘𝑓
} is the vector descriptor

of robot’s poses, 𝑇𝑖𝑗 is an observed relative pose between 𝑖th
keyframe and 𝑗th keyframe, Λ represents, respectively, the
mean and the information matrix of a constraint relating
the poses, and 𝐺 is a relative tree. 𝑒(𝑇

𝑖

𝑘𝑓
, 𝑇
𝑗

𝑘𝑓
, 𝑇𝑖𝑗) is an

error function that measures how well the poses satisfy the
observed constraint 𝑇𝑖𝑗.

4. Experimental Results

4.1. Simulation Results

4.1.1. Line Fitting Simulation. The principle of line fit-
ting is as follows: assume that there exists a point set
{(𝑥1, 𝑦1), (𝑥2, 𝑦2), . . . , (𝑥𝑛−1, 𝑦𝑛−1), (𝑥𝑛, 𝑦𝑛)}, the fitting line is
expressed as 𝑎𝑥 + 𝑏𝑦 + 𝑐 = 0, and 𝑎, 𝑏, 𝑐 satisfy

𝑛

∑

𝑖=0

[
[
[

[

𝑥
2

𝑖
𝑥𝑖𝑦𝑖 𝑥𝑖

𝑥𝑖𝑦𝑖 𝑦
2

𝑖
𝑦𝑖

𝑥𝑖 𝑦𝑖 1

]
]
]

]

[
[

[

𝑎

𝑏

𝑐

]
]

]

= 0. (26)

We generated a random simulation data set which fitted
with a given line. The standard deviation of inlier points was
set to 1, and the outlier points obeying a uniform distribution
in the minimum rectangular region contained the all inliers.
The size of test points was set to 500. The outlier rates were
set to 20%, 30%, 40%, 50%, 60%, 70%, and 80%, respectively.
During the simulation, 2 points were used to estimate the line
function. And 𝛼, 𝑟0 were set to 0.05 and 2, respectively. We
preformed the RANSAC algorithm with fixed iterations and
recorded the recall ratio in different outlier rates.

Figure 3 shows the average recall ratios of different
RANSAC algorithms by recording 50 repeat experiments of
the line fitting. In Figure 3, the recall ratio of the proposed
IPGSAC algorithm is the largest in those five algorithms and
it is nearly 100%when the outlier rate is lower than 60%.With
the increasing of outlier rate, the recall ratios of other four
RANSAC algorithms are rapidly decreased and the proposed
algorithm still keeps the highest recall ratio with a small
reduction. Table 1 illustrates the statistics of iterations when
IPGSAC is convergent in 50 repeat experiments. The result
illustrates that the average iteration of the proposed algorithm
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Figure 4: The simulation result of line fitting when the outlier rate is 80%.

Table 1: The statistics of iterations when IPGSAC algorithm is
converged in line fitting.

Outlier rate 20% 30% 40% 50% 60% 70% 80%
Min iterations 3 3 3 4 3 7 12
Max iterations 19 17 17 46 35 76 92
Average iterations 7.95 8.65 8.60 13.05 16.80 27.05 41.55

is much smaller than the maximum number of iterations
estimated by (1).

Figure 4 shows the estimated parameters when the outlier
rate is 80% within 50 iterations. At the beginning of iteration,
the sample probability of outlier points was much larger than
the inliers.During the iteration, the probabilities of test points
were updated by using proposed evaluation rule. After 20
iterations, the probabilities of inlier points were near to 1 and
outlier was near to 0. The sample probability of inlier points
was increased rapidly with the increasing of the probability
of inlier points. Based on the principle of inverse mapping
sampling strategy, the selection of test sample set trended to

the points with high probability in our proposed algorithm.
It effectively improved the convergence rate of our algorithm.
In fact, the algorithm reached the stop criterion in the 21st
iteration. After 26 iterations, the estimated number of inlier
set was converged to determined values, and it was high
consistent with the actual acquired number of inlier points.
Figure 5 illustrates the line fitting results when the outliers
are 70% and 80%.The line fitting simulation results show that
the proposed IPGSAC algorithm can rapidly localize inlier
points. The probability updating algorithm can effectively
improve the selection probability of inlier point and speed up
the convergence rate of the proposed algorithm.

4.1.2. Homography Estimation Simulation. Assume that
𝑢curr = {𝑢0, 𝑢1, . . . , 𝑢𝑛} and 𝑢ref = {𝑢

ref
0

, 𝑢
ref
1

, . . . , 𝑢
ref
𝑛

} are two
correspondent image feature point sets. The homography
relationship is defined as

𝑎𝑢𝑖 = 𝐻𝑢
ref
𝑖

, (27)
where 𝑎 is a scaling factor and 𝐻 is a homography matrix.
According to 𝐿𝑖𝑒 algebra, homography matrix 𝐻 can be
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Figure 5: The line fitting results of the proposed algorithm when the outlier rates are 70% and 80%.

expressed as an exponent mapping by using an 8-variable
𝑥 = {𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5, 𝑥6, 𝑥7, 𝑥8}:

𝐻 = exp (𝐴 (𝑥)) ,

𝐴 =
[
[

[

𝑥5 𝑥3 𝑥1

𝑥4 −𝑥5 − 𝑥6 𝑥2

𝑥7 𝑥8 𝑥6

]
]

]

.

(28)

In order to estimate the homographymatrix𝐻, an energy
function is established by using the projection errors:

𝐸 =

𝑛

∑

𝑖=0

𝑟𝑖
 , 𝑟𝑖 = 𝜋 (𝐻𝑢

ref
𝑖

) − 𝑢𝑖, (29)

where 𝑚 (𝑚 ≥ 4) is the number of matching pairs which
are used for the homography estimation. To optimize this
object function, we follow the linear expansion and Newton
iteration method. The minimum of energy function (29) is
achieved by solving (30) iteratively:

𝑛

∑

𝑖=1

(
𝜕𝑟𝑖

𝜕𝑥
)

𝑇
𝜕𝑟𝑖

𝜕𝑥
𝜉 = −

𝑛

∑

𝑖=1

(
𝜕𝑟𝑖

𝜕𝑥
)

𝑇

𝑟𝑖. (30)

A random simulation data set was generated which fitted
with a given homography relationship. To enhance reliability
and authenticity of our simulation, the standard deviation of
inlier points was set to 1 pixel and the outlier points obeyed
the uniform distribution within the image. The size of test
points was set to 1,000, and the outlier rates were set to
different values which were the same as in the line fitting
simulation. During the simulation, we selected four points to
estimate the homography. 𝛼, 𝑟0 were set as 0.05 and 2, respec-
tively.The simulationwas repeated 50 times to achieve amore
reliable result in each outlier rate.

Table 2: The statistics of iterations when IPGSAC is converged in
homography estimation simulation.

Outlier rate 20% 30% 40% 50% 60% 70% 80%
Min iterations 3 3 3 3 4 4 3
Max iterations 10 15 14 13 21 42 99
Average iterations 4.66 5.42 5.46 5.82 8.98 14.60 26.74

Figure 6 shows the compared results of the simulation.
In the simulation, the recall ratio of the proposed algorithm
is much higher than other four RANSAC algorithms in
any tested outlier rates. Even when the outlier is 80%, this
proposed algorithm is still available with the recall ratio
0.85962 after 20 iterations. Table 2 demonstrates the statistics
of iterations when IPGSAC is converged in the homography
estimation simulation. These results illustrate that the pro-
posed IPGSAC algorithm is more effective than other four
RANSAC algorithms and demonstrate the high performance
of the proposed algorithm.

4.1.3. Fundament Matrix Estimation Simulation. In this
paper, 8-point method is used for fundamental matrix esti-
mation. Assume that 𝑚 = (𝑢, V, 1) and 𝑚


= (𝑢

, V, 1) are an

image matching pair; the fundamental matrix is limited with
following equation:

𝑚

𝐹𝑚 = 0, (31)

where 𝐹 is a 3 × 3 matrix. We follow the method in [6] to
estimate 𝐹, and the error function is defined as

𝑟 =

(𝑚

𝐹𝑚)
2

𝐹𝑇𝑚
 + ‖𝐹𝑚‖

. (32)

The simulation data was generated similarly as in homog-
raphy simulation which fitted with a given fundamental
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Figure 6: The recall ratios with 10 and 20 iterations in homography estimation simulation.
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Figure 7: The recall ratios with 10 and 20 iterations in fundamental matrix estimation simulation.

relationship.The standard deviation of inlier points was set to
1 pixel and the outlier points obeyed the uniform distribution
within the image. During the experiment, 𝛼 and 𝑟0 were set
to 0.05 and 1, respectively.We also recorded the average recall
ratios in 50 repeat simulations when the outlier rates were
20%, 30%, 40%, 50%, 60%, 70%, and 80%, respectively.

Figure 7 shows the recall ratios of different RANSAC
algorithms in 10 and 20 iterations, respectively. Due to the
low probability of inlier test set selection, the recall ratios of
the other four RANSAC algorithms begin to decrease rapidly
when the outlier rate is larger than 30%. As the fundamental

matrix estimation is solved with several linear equations, the
constraint condition is much weaker than the homography
relationship. The average recall ratios of fundamental matrix
estimation are a little better than the homography estimation.
Table 3 illustrates the statistics of iterations when IPGSAC is
converged with 50 repeat experiments. It shows that it only
needs 26.5 iterations in average to deal with the outlier rate
80%, and it ismuchmore efficient than other four algorithms.

4.1.4. The Time Cost and Accuracy of IPGSAC. In the pre-
vious section, some results are given to illustrate the high
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Figure 8: The image matching experimental results.

performance of the proposed algorithm. In some application
of RANSAC, the time cost and the accuracy of the proposed
algorithm are important issue for the real time requirement.
As a typical application, the fundamental matrix estimation
simulationwas used for evaluating the time cost and the accu-
racy of the proposed algorithm. To ensure the convergence of
eachRANSACalgorithm, themaximumnumber of iterations
was set to 100 and the other parameters were set the same as
those in Section 4.1.3. All timing results were obtained on a
PC with Intel i5 760 CPU (2.80GHz) and 4GB RAM.

The time cost, mean absolute error, and recall ratio of
five RANSAC algorithms are illustrated in Tables 4–6. As
shown in the tables, the recall ratios of those five RANSAC
algorithms are very similar to each other when the outlier rate
is lower than 40%. Generally, a lot of iterations are needed to
ensure that an inlier set is found in the standard RANSAC,

MSAC, MLESAC, and NAPSAC. Therefore, the time cost
of those algorithms is much higher than the proposed
algorithm.The recall ratios of those algorithms are decreased
rapidly with the outlier rate increasing. The time cost of the
proposed algorithm is the lowest with the smallest mean
absolute error and highest recall ratio during the simulation.
And the time cost has a small increase with the raising of the
outlier rate.The results further demonstrate the low time cost
and the high accuracy of the proposed algorithm.

4.2. Real Experimental Results
4.2.1. Image Matching Experiments. During the experiment,
two images taken from different perspective in a real scene
[34] were used for image matching. Firstly, the SIFT algo-
rithm was used for feature detection and matching, as shown
in Figure 8.Therewere 1244 feature pairswhichwerematched
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Table 3: The statistics of iterations when IPGSAC is converged in fundamental estimation simulation.

Outlier rate 20% 30% 40% 50% 60% 70% 80%
Min iterations 3 3 3 3 3 3 3
Max iterations 7 6 9 8 39 54 99
Average iterations 3.60 3.94 4.02 4.22 10.88 10.88 26.5

Table 4: The time cost of different RANSAC algorithms.

Outlier rate 20% 30% 40% 50% 60% 70% 80%
IPGSAC 0.0479 0.0493 0.0519 0.0509 0.0608 0.0628 0.0959
RANSAC 0.4378 0.4376 0.4379 0.4439 0.4695 0.4415 0.429
MSAC 0.4299 0.4295 0.4296 0.4371 0.464 0.4332 0.4285
MLESAC 0.4505 0.4488 0.4472 0.4541 0.4786 0.4504 0.4455
NAPSAC 0.4374 0.4367 0.4364 0.444 0.4766 0.4421 0.4365

Table 5: The mean absolute error of different RANSAC algorithms.

Outlier rate 20% 30% 40% 50% 60% 70% 80%
IPGSAC 0.2159 0.2347 0.2348 0.2672 0.2396 0.2533 0.2926
RANSAC 0.3099 0.3506 0.3685 0.4256 0.5444 0.7716 0.8717
MSAC 0.256 0.29 0.327 0.4541 0.5019 0.7787 0.7886
MLESAC 0.2581 0.2824 0.3101 0.376 0.4236 0.5553 0.5569
NAPSAC 0.2821 0.3367 0.4036 0.4955 0.5591 0.776 0.7858

Table 6: The recall ratio of different RANSAC algorithms.

Outlier rate 20% 30% 40% 50% 60% 70% 80%
IPGSAC 0.9988 0.9973 0.9951 0.9901 0.9763 0.9773 0.9494
RANSAC 0.9988 0.9974 0.9941 0.9813 0.904 0.5588 0.1517
MSAC 0.9988 0.9973 0.9933 0.9884 0.9293 0.6061 0.1472
MLESAC 0.9983 0.9961 0.9884 0.9704 0.877 0.5245 0.1954
NAPSAC 0.9987 0.9967 0.992 0.9689 0.8657 0.5206 0.1525

by using the distance of feature descriptor. We used 8-point
method and 4-point method for the fundamental matrix
and homography matrix estimation, respectively. We also
replicated all the matching experiment 50 times; the average
outlier rate was about 52% which was achieved by using the
proposed algorithm.

During the homography estimation experiment, 𝛼 and 𝑟0

were set to 0.05 and 4, respectively.The imagematching result
is shown in Figure 8. The probabilities of test points have
obvious boundaries and the probability of inlier points is near
to 1. Table 7 illustrates the number of inlier points achieved by
different RANSAC algorithms with different iterations. The
experimental result is highly consistent with the simulations.
This proposed IPGSAC algorithm needs no more than 20
iterations to get convergence in average.

In fundamental matrix estimation, 𝛼 and 𝑟0 were set
to 0.05 and 1, respectively. The probabilities of test points
are quite similar with homography for foundation estima-
tion. Table 8 shows the number of inlier points achieved
by different RANSAC algorithms with different iterations.
This experimental result is also similar with the simulation
of fundamental matrix estimation. This proposed IPGSAC

Table 7: The inlier size with different iterations in homography
estimation.

Iterations IPGSAC RANSAC MSAC MLESAC NAPSAC
10 593.46 101.7 129.48 71.40 138.26
20 595.46 187.94 242.42 118.80 261.42
30 596.46 301.68 290.10 194.66 299.56

Table 8: The inlier size with different iterations in fundament
estimation.

Iterations IPGSAC RANSAC MSAC MLESAC NAPSAC
10 595.36 311.16 311.38 356.28 288.34
20 610.80 386.48 389.62 462.12 401.40
30 611.30 446.10 427.58 511.04 445.52

algorithm also needs no more than 20 iterations to achieve
a convergent solution in average. While the homography
matrix is a plane constraint of features and the fundamental
matrix is a common constraint in image matching, the result
has some tiny difference with homography estimation. All
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Table 9: The evaluation of absolute translational error (𝑚).

ICP-based method Dense image-based method Our method

Freiburg1/desk
min 0.092303 0.016672 0.007411
max 1.078730 0.178265 0.246963
RMSE 0.5715 0.1134 0.093726

Freiburg1/desk2
min 0.016459 0.021073 0.003560
max 1.024154 0.427586 0.317763
RMSE 0.368354 0.119614 0.096128

Kinect
XBOX 360 

Pioneer3-
DX

(a) Mobile robot platform (b) Experimental environment

Figure 9: The platform and experimental environment.

those model estimation results demonstrate the feasibility
and effectiveness of the proposed IPGSAC algorithm.

4.2.2. The 3D Map Building Experiment. The 3D mapping
experiment was taken in an indoor environment shown in
Figure 9. The experimental platform consisted of a Pioneer3-
DX mobile robot and a Microsoft Kinect. The P3-DX mobile
robot is an intelligent mobile platform equipped with an
embedded PC. The Kinect provides the depth and color data
captured in the experimental scene. The maximum field of
view of Kinect is 52∘ and the image resolution is 640 × 480
with the refresh frequency 30Hz. In the experiment, the
Kinect was fixed on the mobile robot and captured the depth
and color data in the scene. The distance threshold 𝑑0 and
angle threshold 𝜃0 were set to 0.2 and 0.3, respectively. The
tolerance threshold 𝑟0 was equal to 1. The pseudo minimum
inlier rate 𝛼 was 0.05. To localize the robot, four points were
used in the IPGSAC-based pose estimation procedure.

To evaluate the proposed algorithm, we compare our
method with standard ICP-based tracking algorithm and a
dense image-based tracking algorithm [9] using the RGBD
SLAM benchmark provided by Technical University of
Münich [35]. Table 9 shows the evaluations of the absolute
translational error by using those three algorithms with
two typical indoor data sets. In the experiment, ICP-based
tracking method almost failed with the largest evaluation of
the absolute translational error. Due to the blur and occlusion
regions of the input data, the dense image-based method

easily falls into local optimum. In our proposed method,
the data association was established by using the feature
matching procedure and it sometimes noised by the mis-
matched features. And the noise would be removed in our
IGPSAC-based pose estimation procedure. Although the
IGPSAC-based pose estimation procedure is limited by the
accuracy of feature detection, the smallest RMSE (RootMean
Square Error) of the absolute translational error is achieved by
using our proposed method.

In the indoor experiment, the robot was instructed to tra-
verse around in the environment. And the translational speed
of mobile robot was about 0.1m/s. The origin of coordinate
of robot was set at the location where robot started to move.
While the mobile robot was moving, the depth and color
image were captured by the Kinect and the robot’s pose was
estimated by using the algorithm detailed in Section 3. When
a keyframe was captured, the global map was updated with
the new coming keyframe and the loop detection procedure
was performed to estimate the relation pose between this
new coming keyframe and previous nonadjacent keyframes.
When a loop closure was detected, the TORO optimization
algorithm would be performed to achieve a global optimiza-
tion of generated map. Table 10 illustrates the number of
iterations when the proposed IPGSAC is converged during
the mapping experiment. According to (1), the minimum
iteration is in the range of 60∼7725 when the confidence
level is 98%.The iteration when the proposed IPGSAC-based
algorithm is converged is much littler than the estimated
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Table 10: The statistics of iterations when IPGSAC is converged in 3D map building.

Outlier rate 0.25–0.35 0.35–0.45 0.45–0.55 0.55–0.65 0.65–0.75 075–0.85
Count 19 31 247 354 112 19
Min iterations 2 2 2 2 2 7
Max iterations 9 25 46 92 61 87
Average iterations 5.21 7.70 9.06 13.66 15.47 20.29

(a) ICP-based method (b) Dense image-based method

(c) RANSAC-based method (d) The proposed IPGSAC-based method

Figure 10: The generated mapping before the loop optimization.

minimum iterations. It is highly consistent with our previous
simulations and verifies the high efficiency of the proposed
algorithm.

Moreover, the ICP-based pose estimation, the dense
image-based pose estimation, and the standard RANSAC-
based pose estimation were also employed for map building.
Figure 10 shows the generated mapping before the loop opti-
mization by using those methods. During the map building,
the ICP-based tracking algorithm failed due to the similar
spatial structure of the input point clouds. Although the
dense image-based method tracked the mobile robot well,
the generated map sank seriously. In the RANSAC-based
method, it was sometimes easy to converge to local optima
and tracking procedure would fail as indicated by the red
circle in Figure 10(c). In the IPGSAC-based pose estimation
method, the pose estimation procedure worked well and the
generated map had a very slightly subsidence during the
experiment.With those estimated poses, the loop closure was
easily detected and it was much easier to perform loop opti-
mization procedure and achieve a global consistent map.The
final mapping experimental result of our method is shown in

Figure 11. All the experimental results demonstrate the
feasibility and effectiveness of this proposed algorithm.

5. Conclusions

In this paper, we present a novel RANSACalgorithm for robot
3D map building. Firstly, two types of the probabilities are
updated and evaluated for test points by using a total prob-
ability formula and the maximum number of inlier points.
Then, a more reliable evaluation of test points is achieved
by using the DS evidence theory. To reduce the influence of
incorrect judgment, the theories of forgetting are utilized to
filter out the unstable inlier points. Finally, an inverse map-
ping sample algorithm is adopted to sample the points based
on the updated probabilities of points. All simulation and real
experimental results show that the proposed algorithm can
quickly and efficiently achieve a stable convergence in a few
iterations and demonstrate the feasibility and effectiveness of
the proposed algorithm.

As is illustrated in the experiment results, the proposed
algorithm is much more efficient than some other RANSAC
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Figure 11: The 3D map building experimental result.

algorithmswhen the outlier rate is lower than 80%. In fact, the
utmost outlier rate of this proposed algorithm is 85%. When
the outlier rate rises to 90%, this proposed algorithmbecomes
unstable and unviable. In some extreme cases, it needs more
than 2,000 iterations to achieve a correct solution. In future
work, we will further improve the robustness and efficiency
of our proposed algorithm to achieve a stable solution for the
higher outlier rate. And an adapt threshold scheme will be
proposed to enhance the robust of our method.
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