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Triplet Relationship Guided Sampling Consensus for
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Hanlin Guo , Yang Lu , Member, IEEE, Guobao Xiao , Member, IEEE, Shuyuan Lin ,
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Abstract—RANSAC (RANdom SAmple Consensus) is a widely
used robust estimator for estimating a geometric model from
feature matches in an image pair. Unfortunately, it becomes less
effective when initial input feature matches (i.e., input data) are
corrupted by a large number of outliers. In this paper, we propose
a new robust estimator (called TRESAC) for model estimation,
where data subsets are sampled with the guidance of the triplet
relationships, which involve high relevance and local geometric
consistency. Each triplet consists of three data, whose relationships
satisfy spatial consistency constraints. Therefore, the triplet rela-
tionships can be used to effectively initialize and refine the sampling
process. With the advantage of the triplet relationships, TRESAC
significantly alleviates the influence of outliers and also improves
the computational efficiency of model estimation. Experimental
results on four challenging datasets show that TRESAC can achieve
superior performance on both estimation accuracy and computa-
tional efficiency against several other state-of-the-art methods.

Index Terms—Outlier removal, robust estimator, sampling.

I. INTRODUCTION

MODEL estimation is an important step in various com-
puter vision and robotics tasks, including image registra-

tion [1]–[4], 3-D reconstruction [5], [6], motion estimation [7],
[8], and simultaneous location and mapping [9], [10]. One of
the main challenges during model estimation is that most input
data are inevitably corrupted by outliers due to the limitations
of data acquisition systems and preprocessing techniques. The
estimated model parameters from these corrupted data may be
severely biased, which could lead to a negative impact on final
results in many practical applications.
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Many robust estimators have been proposed for model esti-
mation, and they can be coarsely divided into two categories,
i.e., nonparametric-based algorithms and parametric-based al-
gorithms. Nonparametric-based algorithms (such as, RPM [11],
LPM [12] and GFEMR [13]) usually exploit specified functions
based on various geometric priors (e.g., spatial consistency in-
formation [14]) to distinguish inliers from outliers. They use the
obtained inliers for model estimation. Parametric-based algo-
rithms (such as, RANSAC [15], Adaptive-RANSAC [16], RSW-
LTS [17] and Hierarchical-RANSAC [18]) typically operate in a
hypothesize-and-verify scheme, which iteratively performs the
model hypothesis generation and model verification steps until
they obtain a good solution. They estimate models from input
data and remove outliers simultaneously. While these robust
estimators are effective for general cases of model estimation,
their performance dramatically degenerates for data with high
outlier ratios. Specifically, for parametric-based algorithms such
as RANSAC, the computational efficiency tend to be affected
heavily by outlier ratios. For nonparametric-based algorithms,
high outlier ratios may also result in the problem that the spatial
consistency of inliers is hard to be captured, leading to seriously
degraded performance of model estimation.

The traditional pairwise relationship is commonly used for ro-
bust estimation by combining the spatial consistency constraint,
which assumes that only inliers are likely to be consistent with
each other [19]. However, outliers may be misjudged as inliers by
using the pairwise relationship since outliers may have similar
local geometric relationships (see Fig. 1(a)). To improve the
robustness, we extend the pairwise relationship to the triplet
relationship, and all pairwise relationships within a triplet (in-
cluding three data) satisfy the spatial consistency constraint.
Thus, the triplet relationships can help detect potential outliers
(see Fig. 1(b)) for robust estimation.

In this paper, we propose an efficient and robust estimator
called Triplet RElationship guided SAmpling Consensus (TRE-
SAC) for model estimation between image pairs. The key idea
of TRESAC is that it utilizes the triplet relationships to guide the
sampling process of effective data subsets for robust estimation.
Specifically, we firstly analyze the triplet relationships among
input feature matches (i.e., input data), and obtain a series of
triplet sets of feature matches. Each triplet consists of three data,
whose relationships satisfy the spatial consistency constraints.
Then, we propose an initial data subset selection strategy (i.e.,
IDSS), which computes the sampling weights of input data based
on the triplets and uses them to effectively sample an initial data
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Fig. 1. Comparisons of (a) the pairwise relationship and (b) the triplet rela-
tionship for the task of robust model estimation. In (a), s1 and s2 satisfy the
spatial consistency constraint, because the corresponding feature points of s1
and s2 are both spatially close to each other. Thus, both of them are judged as
inliers. In (b), s1 and s2, s1 and s3 satisfy the spatial consistency constraint,
while s2 and s3 do not. Therefore, due to the multiple constraints in the triplet,
the outliers can be effectively detected among the three matches.

subset. After that, we propose a data subset refinement strategy
(i.e., DSR), which adopts a previous iterative scheme [20] and
a new stop criterion derived from the triplet relationships, to
further improve the sampling performance. At last, we generate
a significant model according to the finally obtained data subset,
and use the model to find the inliers and outliers. We summarize
the main contributions of this paper as follows:
� We investigate the triplet relationships, which explore the

spatial consistency among feature matches to reflect their
local correlation in images for robust estimation.

� Based on the triplet relationships, we propose a novel
robust estimator, which can not only efficiently sample
promising initial data subsets to generate significant model
hypotheses, but also boost the effectiveness of the model
hypotheses to improve the robustness to outliers.

Experimental results on challenging datasets show the supe-
riority of the proposed method over other competing methods.

II. THE PROPOSED METHOD

A. Triplet relationships for Robust Estimation

Unlike the previous methods that use consistency constraints
in the pairwise relationships [14], [19], we propose to find the
triplet relationships of feature matches by using spatial consis-
tency constraints and incorporate it into robust estimation.

Given a feature match si = (xi,yi) from input data S =
{si = (xi,yi)}Ni=1 ofN feature matches in a pair of images, we
search for the K-nearest neighbors Nxi

and Nyi
of the feature

pointsxi andyi based on their spatial relationships, respectively.
For a feature point xi, we define its triplet relationship among
the feature points from S as follows.

Definition 1 (Triplet Relationship): A triplet Δxixjxk
in-

cludes three feature points, i.e., Δxixjxk
= (xi,xj ,xk), if and

only if the relationships of xi, xj , and xk satisfy:

1xi∈Nxj
× 1xk∈Nxi

× 1xj∈Nxk
= 1, (1)

where 1x∈N represents an indicator function whose value is
equal to 1 if x ∈ N and 0 otherwise.

It is possible that there are more than three feature points
that satisfy (1) for the feature point xi (i.e., more than one
triplet associated with xi). Thus, we denote the triplet set of
xi as Ωxi

= {(Δxixjxk
)}. The other feature point yi of si

has the similar definition as xi. Its triplet set is denoted as
Ωyi

= {(Δyiyjyk
)}. If the feature points xi and yi of a feature

Fig. 2. Illustration of identifying triplets for feature matches. (a) Three feature
matches (s1,s2,s3) and si = (xi,yi). (b) Two triplets of the feature points
Δx1x2x3 and Δy1y2y3

. (c) The triplet of feature matches Δs1s2s3 .

match si have the corresponding triplets Δxixjxk
and Δyiyjyk

,
the three feature matches si, sj and sk are regarded as a triplet
of feature matches Δsisjsk

= (si, sj , sk) that associates with
si (an example is shown in Fig. 2). Note that a feature match
si may also associate with multiple triplets. Thus, we denote
the triplet set of si as Ωsi

= {(Δsisjsk
)}. Based on the above

analysis, we generate the triplet sets for each of input data S ,
and denote them as A = {(Ωsi

)}. Note that, the authors in [21]
use the triplet relationships for clustering data, while we use it
for sampling data subsets. In addition, the authors in [22] used
the matched triangle pairs, where each triangle consists of three
feature points, to find potential true matches. In contrast, we
use the triplets of feature matches to compute the weight set of
feature matches, during the data subset sampling process.

B. Initial Data Subset Selection Strategy

The triplet relationships incorporate the complementarity of
multiple constraints within triplets, and they can significantly
alleviate the sensitivity to outliers. Thus, we present an initial
data subset selection strategy by taking advantage of the triplet
relationships to effectively capture the sampling weight set of
data, to sample a promising initial data subset.

Given two feature matches si and sj , we can calculate their
compatibility score by pairwise relationships as follows [23]:

f(si, sj) = exp
(−(||yj − yi||2 − ||xj − xi||2)2

)
. (2)

By investigating (2), a pair of feature matches, i.e., si = (xi,yi)
and sj = (xj ,yj), satisfying the spatial consistency constraint,
will get a high compatibility score, and thus they are considered
to have a high probability of being inliers. However, computing
the compatibility scores based on the pairwise relationships may
not be robust to outliers, especially for a large number of outliers.
To alleviate the influence of outliers, we incorporate the triplet
relationships into the compatibility score calculation of feature
matches. Given a tripletΔsisjsk

, based on (2), the compatibility
score of feature matches within the triplet is defined as follows:

c(si, sj , sk) = f(si, sj) + f(sj , sk) + f(sk, si). (3)

According to (3), if all three feature matches within the triplet
are inliers, the compatibility score is high; Otherwise, the com-
patibility score is low.

Based on the compatibility scores derived from the triplet set
A, we then compute the sampling weight w(si) of a datum si
from a set of N data S = {si = (xi,yi)}Ni=1 as follows:

w(si) =

{
max{c(si, sj , sk)}, if Δsisjsk

∈ A,
0, otherwise,

(4)

where max{c(si, sj , sk)} denotes the maximum value of the
compatibility scores of the triplets that associate with a datum
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Fig. 3. The sampled data subsets respectively obtained by the initial data subset
selection strategy (left) and the data subset refinement strategy (right). Inliers
and outliers are denoted in the red and green colors, respectively.

si. In contrast, if a datum si is not associated with any triplet,
w(si) is set to be zero. Therefore, we select an initial data subset
according to the sampling weights, i.e., si is more likely to
be selected compared with sj , if w(si) > w(sj), to generate
a significant model hypothesis for robust estimation.

C. Data Subset Refinement Strategy

By the initial data subset selection strategy, we can prevent
a majority of outliers from being selected during sampling.
However, outliers may also be selected into a data subset,
especially when the input feature matches only contain a few
inliers, yielding ineffective data subsets for model estimation
(see the left of Fig. 3 for an example).

To find enough inliers to form effective data subsets, we intro-
duce a data subset refinement strategy by adopting an iterative
scheme. Specifically, given a model hypothesis θ� (generated
by a sampled data subset), we first compute the residual values
{r(si, θ�)}Ni=1 between the model hypothesis θ� and the input
data S = {si}Ni=1 based on the Sampson distance [24]. Then,
we sort the residual values in an ascending order. After that,
according to the sorted residual values, we sort all the input data
and sample a data subset around the m-th datum from the sorted
data to generate a new model hypothesis. We iteratively perform
these steps until we obtain a stable solution. Similar to [20], we
determine whether the data subset refinement process converges
based on the last three iterations, and we also use a parameter
(i.e., MaxIter) for the maximum number of iterations. How-
ever, the difference is that we use the weight values derived from
the triplet relationships of sampled data as a condition for the
stop criterion, to reduce the sensitivity to outliers. In contrast,
the authors in [20] directly utilize the residual values of sampled
data in the stop criterion. Specifically, we formulate the stop
criterion Istop as:

Istop =

(
1
h

m∑
j=m−h+1

w(s
θ(�−1)

j ) < w(sθ�m)

)

∧
(
1
h

m∑
j=m−h+1

w(s
θ(�−2)

j ) < w(sθ�m)

)
,

(5)

where sθ�m is the m-th datum from the sorted data derived from
the sorted residuals in the �-th iteration; w(·) is the weight of
a datum computed by (4). The criterion indicates that the data
subsets sampled from the last three iterations are more likely to
belong to the same model and then the iteration is stopped. Thus,
we can further improve the performance of data subset sampling
and obtain an effective data subset to generate a significant model
hypothesis as the estimated model (see the right of Fig. 3 for
an example). Finally, we can distinguish inliers from outliers
according to the estimated model.

Fig. 4. Comparison results obtained by the proposed TRESAC with different
settings of the parameters on the four representative image pairs.

III. EXPERIMENTS

A. Datasets and evaluation Metric

Datasets: We conduct the experiments on four datasets, i.e.,
the RETINA [11], [25], MMRI [26], TISSUE [27] and Adelai-
deRMF datasets [28]. From the RETINA, MMRI and TISSUE
datasets, we respectively selected 15 representative image pairs
for the affine model estimation. We also evaluate on the chal-
lenging AdelaideRMF dataset that contains 19 image pairs for
the fundamental matrix estimation.

Evaluation Metric: The segmentation error (SE) is computed
as [20], [29]: SE = the number of mislabeled data

the total number of input data × 100%. The
performance of the robust estimation is better when the value of
SE is lower. All experiments were repeated 50 times and were
run on MS Windows 10 with Intel Core i7-7700 CPU @3.6GHz
and 16GB RAM.

B. Analysis for the Proposed TRESAC

1) Parameter Analysis: There are five parameters in TRE-
SAC: K, m, p, h, and MaxIter. K is used for the generation
of K-nearest neighbors of each feature point. m is the minimal
tolerable number of inliers in a model. p is the size of the minimal
subset, and it is the minimal number of the data required to
generate a model hypothesis (e.g., p = 3 for an affine model
and p = 8 for an fundamental matrix [24]). h is the size of a
data subset. We selected h = p+ 2 data to generate a model
hypothesis as in [20], due to its effectiveness. We test different
parameter values for K, m and MaxIter on the four selected
image pairs (i.e., Retina13, RetinaC2, Tissue2, and Unionhouse)
from the four aforementioned datasets, respectively. We report
the segmentation errors in Fig. 4.

As can be seen, for K and m, TRESAC is able to obtain low
segmentation errors on the four image pairs when K = 5 and
m = 20, respectively. For MaxIter, TRESAC is able to obtain
relatively stable results when 33 ≤ MaxIter ≤ 60. Thus, we
set K = 5, m = 20, and MaxIter = 50 for TRESAC in all the
experiments. Note that for the analysis of parameter MaxIter,
we use different numbers of the iterations in TRESAC to stop the
iteration process. Thus, we also use the proposed stop criterion
in TRESAC to stop the iteration process. We show the segmenta-
tion errors in the right of Fig. 4. As can be seen, TRESAC with the
proposed stop criterion achieves low segmentation errors, when
the numbers of the iterations are 10, 19, 8, and 8 on the Retina13,
RetinaC2, Tissue2, and Unionhouse image pairs, respectively.
This shows the effectiveness of the proposed stop criterion.

2) Ablation Study: To show the contributions of the initial
data subset selection strategy (IDSS) and the data subset refine-
ment strategy (DSR) to TRESAC, we test three different versions
of TRESAC, including TRESAC with both IDSS and DSR
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TABLE I
SEGMENTATION ERRORS (IN PERCENTAGE) AND RUNNING TIME (IN SECONDS)

FOR TRESAC AND ITS VARIANTS ON THE RETINA DATASET

TABLE II
SEGMENTATION ERRORS (IN PERCENTAGE) AND RUNNING TIME (IN SECONDS)
OBTAINED BY THE SEVEN METHODS FOR OUTLIER REMOVAL. ‘#’ DENOTES

THE AVERAGE OUTLIER RATIOS OF ALL DATA IN A DATASET

(i.e., TRESAC is used as a benchmark), TRESAC+IDSS with
only IDSS (i.e., TRESAC without using DSR), TRESAC+DSR
with only DSR (i.e., TRESAC using the random sampling strat-
egy instead of using DSR). To compare the triplet relationships,
we test a version (i.e., TRESAC+PR) with the pairwise rela-
tionships (PR). In addition, we test a version (TRESAC+RBSC)
with the residual-based stop criterion (RBSC) [20] to compare
with the proposed stop criterion.

We show the quantitative results obtained by different
versions of TRESAC in Table I. We use the challenging
RETINA dataset for evaluation. As we can see, TRESAC+IDSS
use less running time than TRESAC+DSR for robust estimation.
And TRESAC+IDSS without using DSR has an increase in the
average segmentation error by 3.226%, while TRESAC+DSR
without using IDSS has an increase in the average segmentation
error by 2.974%. Thus, DSR contributes more than IDSS to
improve the robust estimation performance of TRESAC. For
TRESAC and TRESAC+PR, TRESAC can achieve better
performance than TRESAC+PR considering both segmentation
errors and running time. This shows the effectiveness of the
triplet relationships for robust estimation. For different stop
criteria, TRESAC is able to achieve superior segmentation
accuracy over TRESAC+RBSC, while they spend similar
running time. Thus, this shows that the proposed stop criterion
is more effective than RBSC for robust estimation.

C. Quantitative Results

We evaluate the performance of the proposed TRESAC on
the RETINA, MMRI, TISSUE and AdelaideRMF datasets, and
we compare TRESAC with the classic RANSAC [15] and five
state-of-the-art robust estimation methods, including RPM [11],
LPM [12], GFEMR [13], RANSAC++ [29], and EES [30] The
quantitative comparisons of all the seven methods on the
four datasets are shown in Table II. As we can see, TRESAC
achieves the lowest average segmentation errors on each of the
four datasets among all the methods. Specifically, among the
nonparameters-based methods (i.e., RPM, LPM and GFEMR),
GFEMR achieves better segmentation results for outlier removal
but it achieves higher average segmentation errors than those

Fig. 5. Qualitative results obtained by TRESAC on the four selected image
pairs from four datasets, respectively. The outlier ratios (and the number of
feature matches) for the four image pairs in (a), (b), (c), and (d) are 71.515%
(165), 85.532% (235), 51.908% (131), and 16.555%(2084), respectively. The
inliers and outliers are respectively shown with the green and red colors.

obtained by TRESAC on the four datasets. For the parameters-
based methods (i.e., RANSAC, RANSAC++, TRESAC, and
EES), the segmentation results obtained by TRESAC are more
accurate than those obtained by the other three methods. This is
because that TRESAC samples initial data subsets from potential
inliers by using IDSS and it also benefits from the effectiveness
of DSR for the data subset refinement, to generate a significant
model for robust estimation. TRESAC achieves stable results on
the four datasets with low standard deviations of segmentation
errors. For the computational time, TRESAC achieves the
third-lowest running time on each of the four datasets among
the seven methods, and it is much more efficient than the classic
RANSAC. This is because that the computational complexity
of TRESAC is mainly governed by the step of searching
the K-nearest neighbors of feature points and it is about
O((K +N) logN), where N is the number of feature matches.
However, RANSAC is mainly affected by high outlier ratios.

D. Qualitative Results

We show the segmentation results obtained by TRESAC on
the four challenging image pairs in Fig. 5. The mean segmenta-
tion errors (and running time) obtained by TRESAC are 5.053%
(0.075 s), 4.543% (0.084 s), 4.582% (0.054 s), and 6.737%
(0.553 s), respectively. From these results and Fig. 5, we can
see that the inliers are segmented effectively from the outliers
on each image pair, and the used running time is relatively low,
mainly due to the effectiveness of the triple relationship guided
sampling for robust estimation.

IV. CONCLUSION

We propose a novel robust estimator TRESAC for model
estimation even in the presence of a large number of outliers.
We first investigate the triplet relationships by combining the
multiple spatial consistency constraints to detect potential inliers
for robust estimation. Due to the complementarity of multiple
constraints, the triplet relationships are more beneficial than
the pairwise relationships, when computing sampling weight
set of input data, for generating effective data subsets. The
proposed data subset initialization strategy and the data subset
refinement strategy are verified to be effective mainly due to
the advantage of the triplet relationships. Experimental results
on four challenging datasets show that TRESAC outperforms
several other state-of-the-art robust estimation methods.
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