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Abstract— State-of-the-art V-SLAM pipelines utilize robust
cost functions and outlier rejection techniques to remove
incorrect correspondences. However, these methods are typically
fine-tuned to overfit certain benchmarks and struggle to
adapt effectively to changes in the application domain or
environmental conditions. This renders them impractical for
many robotic applications in which robustness in a wide
variety of conditions is essential. In this paper we introduce a
novel distribution-based approach for online outlier rejection
that reduces the necessity for scene-specific fine-tuning while
simultaneously improving the overall SLAM performance.
Through experiments across 3 different public datasets, we
show that our approach consistently outperforms state-of-the-
art methods in various real-world settings. Our code is available
at https://github.com/alejandrofontan/ORB SLAM2 Distribution

I. INTRODUCTION

Visual Simultaneous Localization and Mapping (V-SLAM),
that utilizes a camera as the primary sensor, has achieved
outstanding results in providing accurate real-time position-
ing while simultaneously creating a map in complex and
unstructured environments for almost two decades now [1],
[2]. This remarkable progress has been possible through
the integration of many techniques, mainly frame-to-frame
Visual Odometry (VO) [3], map-to-frame camera tracking [2],
local sliding-window Bundle Adjustment (BA) [4], [5], [6],
[7] and Loop Closure (LC) [8], [9], [10], [11] for global
consistency. As a result, SLAM has found extensive adoption
in real-world applications across various industries, including
robotics, autonomous driving, and augmented and virtual
reality.

The estimation models at the core of V-SLAM meth-
ods [12], [13], [14], [15], [16], [17], [18], [19], [20], [21],
[22] are all formulated to account for spurious sensor
measurements, likely to appear in visual data. Due to this,
V-SLAM has consistently demonstrated a high degree of
accuracy and robustness, even in scenarios characterized by
data association errors or the emergence of spurious features
due to dynamic environment changes [23], [24], [25].

To minimize the impact of outliers and avoid full tracking
failure, V-SLAM systems tend to tune their outlier rejection
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Fig. 1: Probabilistic outlier rejection for BA. The central
column shows reprojection errors histograms after Bundle
Adjustment in the context of feature-based V-SLAM. Note
how the varying camera, motion and scene conditions of
different datasets (left column) result in very distinct error
distribution shapes. Selecting a unique threshold for outlier
rejection for them all (red line) can lead to sub-optimal
performance. Our approach dynamically selects an appropriate
threshold (blue lines) for each error histogram. The inter-
sequence accuracy matrices in the right colum (colder colors
are better, see Section IV-C for details) show that our
approach significantly reduces the need for parameter fine-
tuning, a crucial aspect for a wide range of robotics and
computer vision applications.

methods for high precision, which results in a low recall
and the loss of valid measurements, ultimately degrading the
estimation accuracy [26], [27]. Furthermore, such conservative
tuning is often scene-specific and fails to generalize effectively
to variations in application deployment or environment
conditions, resulting in sub-optimal accuracy or, in some
cases, even catastrophic failure.

The accuracy and robustness of V-SLAM pipelines has a
significant dependence on the specific parameter tuning used
for outlier rejection, that often requires extensive training data
prior to deployment in specific applications [28]. Reducing
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the dependency on training data is crucial for achieving
robust perception and navigation in a wide range of robotic
applications, especially those with limited or costly data
collection or operating in environments subject to frequent
changes. The aim of our research is to develop an outlier
detection technique for feature-based Bundle Adjustment in V-
SLAM that improves the overall performance of V-SLAM in
any scene. This requires that our technique adapts to changes
in the application context without hand-tuned parameters.

In this paper we introduce a novel approach for outlier
filtering in V-SLAM, which is mainly based on an adaptive
threshold estimated online from the reprojection errors. Our
key contribution (Section III) lies in the online calculation of a
probabilistic threshold derived from a Gamma distribution,
where the distribution’s parameters are continuously and
robustly estimated from partial-fitting (Section III-C) to the
reprojection residuals (see Fig. 1).

Our ablation analyses and results on various datasets show
that our approach consistently achieves the highest accuracy
through per-sequence, per-dataset and single-global parameter
fine-tuning of our model (Section IV-B) . Additionally,
we introduce a normalized Absolute Trajectory Error
to pinpoint operational settings where parameter selection
maximizes overall accuracy across a set of heterogeneous
sequences with very different error magnitudes (Section IV-
A). Our experiments illustrate how our approach effectively
reduces the dependency on specific training data (Section
IV-C), making it a valuable contribution to a wide range of
robotics and computer vision applications where reducing
fine-tuning efforts is important.

II. RELATED WORK

Filtering [1], [29], [30], [31] and Bundle Adjustment (BA)
approaches [32], [3], [2], [8], [33] represent the two main
methodologies for real-time camera motion and structure
estimation from a monocular video. BA-based V-SLAM,
involving batch optimization over several spatially distributed
keyframes, has shown a higher accuracy than filtering-based
methods with equivalent computational budget [34]. This
section provides a brief review of outlier rejection methods
in the context of BA-based SLAM.

RANSAC [35] have been extensively used to detect outliers
in feature-based Structure from Motion, in particular for rela-
tive motion [5] and visual odometry [36]. Although generally
robust, RANSAC is limited by its high computational cost
when the outlier ratio or the minimal instantiation set grow.

An alternative approach involves integrating the outlier
classification into the alignment optimization. Typically, this is
done by reformulating the maximum-likelihood optimization
to account for outlier measurements and their solution method,
Iteratively Reweighted Least Squares (IRLS) [37]. Robust
cost functions [38], [14], [17] play a crucial role in BA when
dealing with spurious data since error functions exhibiting
subquadratic growth can significantly reduce the influence
of such outliers. Both approaches classify and reweight the
influence of each measurement on the optimization problem
based on the current estimate at each iteration assuming that

Outlier Detection Tecnique
DSO [17] Photometric Median-based adaptative thresholding.
ORB-SLAM2 [16] Chi-squared test over resolution-normalized residuals
BAD-SLAM [19] Normalized geo./photo. residuals with Tukey’s/Huber.
OKVIS [12] Chi-square test using pose from IMU integration.
VINS-MONO [18] RANSAC with a fundamental matrix model.
DROID-SLAM [22] Deep Learning Approach
OURS Online threshold from partial-fitting of Γ distribution.

TABLE I: Overview of outlier rejection in popular V-SLAM
implementations. Ours is the first implementation that utilizes
a Gamma distribution as a prior for outlier rejection.

outlier measurements follow a different noise model than
inliers.

Drawn from target-tracking literature for culling unlikely
associations, validation gating [39] applies a statistical test
to potential measurements, verifying if they fit the assumed
statistical model. The test is applied on individual measure-
ments, via a threshold on the Gaussian noise distribution [40].
This reduces the search space of potential associations,
providing substantial computational savings. The gating can
be extended to account for the uncertainty in the sensor
pose [41], considering multiple associations simultaneously
(batch gating) [40], or simultaneously consider outliers in
multiple measurement types [42].

Robust cost functions and statistical tests comprise the
majority of outlier rejection methods in the current literature
for feature-based Bundle Adjustment, where they are typically
used in a pairwise manner. These techniques rely heavily
on the accuracy of the visual covariances associated with
the features. However, the vast majority of them assume an
isotropic Gaussian distribution for reprojection errors, despite
evidence to the contrary found in real-world data. The work
of Yang et al. [43] implicitly emphasizes the importance of
visual covariances by examining factors such as photometric
calibration, motion bias, and rolling shutter, and their impact
on direct, feature-based, and semi-direct odometries. Kerl et
al. [44] introduced weightings for photometric residuals by
fitting errors to a t-student distribution. Similarly, Gomez-
Ojeda et al. [45] developed a robust probabilistic model for
projection errors following Gamma distributions for Stereo-
VO. Finally, Fontan et al. [46] derived a model for the
covariance of visual residuals, capturing how local 2D patches
undergo perspective deformation when imaging 3D surfaces
around a point. Table I present a brief review of how state-
of-the-art VO/V-SLAM systems implement outlier rejection
in their BA optimizations.

In the case of ORB-SLAM2 [16], visual residuals are
scaled proportionally to the resolution at which ORB fea-
tures are detected. A chi-squared test is applied to identify
observations as outliers, and they are subsequently discarded
during the optimization process, both in the middle and at
the end of the optimization. DSO [17] apply a gradient-
dependent weighting to reduce the impact of photometric
errors in pixels with high gradient. In both approaches, a
robustified Huber cost function is utilized, and the noise model
follows the standard isotropic Gaussian assumption. In BAD-
SLAM [19], depth-based geometric and photometric residuals
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are normalized using covariance values estimated through
uncertainty propagation of the measurement uncertainties.
These normalized residuals are then combined into a single
cost function, which is weighted using Tukey’s biweight and
the Huber robust loss function respectively. In Visual-Inertial
OKVIS [12], outlier rejection applies a chi-square test in
image coordinates, utilizing the uncertain pose predictions
obtained through IMU integration. VINS-Mono [18] employs
RANSAC with a fundamental matrix model [5]. New learning-
based approaches, such as DROID-SLAM [22], are able to
estimate 2D-correspondendes together with an associated
confidence map.

In the context of SLAM in dynamic environments, tradi-
tional methods often classify points associated with dynamic
objects as outliers and exclude them from the optimization
due to the assumption of environment staticity [14], [17],
[19]. Newer approaches address this challenge by utilizing
Convolutional Neural Networks (CNN) for pixel-wise seg-
mentation of dynamic objects like people and cars in the
frames. This segmentation allows the SLAM algorithm to
avoid extracting features from these dynamic elements [23],
[25]. More advanced strategies aim to jointly optimize the
structures of the static scene and the dynamic objects, along
with the trajectories of both the camera and the moving agents,
within a bundle adjustment framework [23], [24].

III. FORMULATION

BA in V-SLAM jointly optimizes keyframe poses Tk ∈
SE(3) and 3D map point locations Xp ∈ R3 through least-
squared-error minimization of the reprojection residuals,
weighted by their associated covariances. Outlier rejection
is achieved by filtering out the observations of points with
the highest normalized residuals. In this section, we provide
formulations for both standard BA and outlier rejection. After
that, we derive our online adaptive thresholding for outlier
rejection, based on a partial-fitting of a Gamma distribution.

A. Bundle Adjustment (BA)

BA optimizes the 3D positions of the map points Xp ∈ R3

and keyframe poses Tk ∈ SE(3) by minimizing their
reprojection error with respect to the matched keypoints
xp,k ∈ R2. The error term for the observation of a map
point p in a keyframe k is:

ep,k = xp,k −Π(RkXp + tk), (1)

where Π(·) (determined by the intrinsic camera parameters)
projects Xp expressed in the camera coordinates in the image;
and Rk ∈ SO(3) and tk ∈ R3 are respectively the rotation
matrix and translation vector corresponding to the pose Tk.

The cost function to be minimized is:∑
p,k

ρh(e
T
p,kΩ

−1
p,kep,k), (2)

where ρh is a robust cost function (e.g. Huber) and Ωp,k =
σ2
p,kI2×2 is the covariance matrix associated to the matched

keypoint xp,k [14].

Normalized Mahalanobis residuals. As shown in equation
(2), the residual form to be minimized in the optimization
commonly has the form of the Mahalanobis norm of the
reprojection error r2p,k = eTp,kΩ

−1
p,kep,k.

B. Gamma Distribution Γ(r2|α, β)
We model r2 (subindices p, k are dropped for simplicity)

as a Gamma distribution, i.e. r2 ∼ Γ(α, β), whose Probability
Density Function (PDF) is given by

Γ(r2|α, β) = 1

βαγ(α)
(r2)

α−1
e

−r2

β , r2, α, β > 0, (3)

where α and β are the so-called shape and scale parameters,
respectively, and γ(·) is the Gamma function. The two
parameters of this Gamma distribution are estimated through
the minimization of the negative log-likelihood, which is given
by −

∑
log Γ(r2i |α, β), using the histogram of the residual

magnitudes. Previous approaches used robust methods to
reduce the effect of high outlier ratios in the estimation of the
distribution parameters [45]. We propose the novel approach
of a partial-fitting of the distribution (as detailed in Section
III-C). This online procedure introduces minimal overload to
the optimization (see profiling results in Table II). However,
it provides two significant benefits: a more precise camera
pose estimation and increased robustness against outliers and
noisy measurements compared to the standard Gaussian-based
assumption.

Goodness of Fit (GoF). Once the distribution parameters
have been estimated, we evaluate the goodness of fit:

GoF =
1

n

n∑
i=1

(
Γcdf

(
r2i |α, β

)
− pi

(
r2i
))2

, (4)

where

Γcdf

(
r2|α, β

)
=

∫ r2

0

Γ (u|α, β) du (5)

is the Cumulative Distribution Function, r2i are n equidistant
values in the interval r2i ∈ [0,Γ−1

cdf (0.95|α, β)], and pi is the
percentage of residuals smaller than r2i .

Similar to Kerl et al. [44] demonstrating that the photo-
metric error of an RGB-D SLAM approach is better fitted
by a t-student distribution than a Gaussian, Gomez-Ojeda et
al. [45] showed that a Gamma distribution is more suitable
than a chi-squared distribution for modeling the normalized
Mahalanobis residuals of a feature-based stereo odometry.
We analyze the goodness of fit of the Gamma distribution to
the residuals of feature-based monocular SLAM and compare
it with two other common probabilistic distributions for non-
negative random variables with scale and shape parameters,
namely, LogNormal and LogLogistic.

The shape and scale of the distribution of residuals can vary
depending on the scenario, scene conditions, or the type of
residuals, such as feature-based or photometric. Even different
descriptors of 2D image keypoints may lead to changes in
the distribution. In Figure 2, we present the GoF for the
distributions to the reprojection errors after BA in ORB-
SLAM2 [16] across three sequences from three different

3971



1 2 3 4 5 6 7 8 9
1
0

0

0.02

0.04

0.06

fr3 long office - RGB-D TUM [47]

1 2 3 4 5 6 7 8 9
1
0

0

0.02

0.04

0.06

table 3 - ETH Benchmark [19]

1 2 3 4 5 6 7 8 9
1
0

0

0.02

0.04

0.06

00 - KITTI Dataset [48]

Fig. 2: Goodness of Fitting (GOF). We assessed the suitability of three continuous probability distributions—namely,
Gamma, LogNormal, and LogLogistic—for modeling a non-negative random variable. The accompanying figure illustrates
the GoF for these distributions (Section III-B) when the data is filtered based on a threshold χ2. The Gamma distribution
provides a superior fit for smaller reprojection error values but deteriorates as χ2 increases, indicating a higher presence of
outliers. In contrast, LogNormal and LogLogistic exhibit better fitting to errors as the likelihood of outliers increases.
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Fig. 3: Partial fitting of Γ(α, β) (Gamma distribution). The PDF fitted line (Probability Density Function) represents
the portion of the data used to estimate the parameters α, β of Γ(α, β). The PDF estimated line displays the distribution
estimation for the remaining data. It is noteworthy that even with a small amount of the data (i.e., pf = 0.25), we can
obtain accurate estimates of the distribution parameters, as demonstrated in Figure 4. ∗These histograms have been truncated at
r2 = 1.0 for visualization purposes.
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Fig. 4: Outlier estimation. The subfigures depict the percentage of outliers found (% Outl. Exp.) when varying the targeted
percentage (% Outl. Est.) while considering different amounts of fitted data (pf ). In our subsequent experiments, we have
chosen to use 50% of the data (pf = 0.5). This choice strikes a balance between accurately estimating the outlier percentage
and using a relatively small amount of data to prevent overfitting in the estimation of the Γ(α, β) distribution. The figure in
the right side illustrates the % Outl. Exp. when varying the static threshold χ2 used in the BA optimization of ORB-SLAM2
[16] for outlier rejection. Notice the increased variability in the estimated percentage compared to our results shown in the
figures on the left.

datasets when filtering the residuals r2 using a threshold
χ2 (we use the threshold χ2 over the residuals r2 as a
parameter for our experiments). Figure 3 illustrates how a
Gamma distribution accurately captures the behavior of the
residual magnitude, as it exhibits a certain bias and a heavy
tail.

C. Partial-fitting of a Gamma distribution

In Figure 4, we can observe the accuracy of our approach
in estimating outliers when fitting the Gamma distribution
using 25%, 50%, and 75% of the lowest residuals. Clearly, the

accuracy improves as we use a larger amount of data for fitting
the distribution. However, even when using a small amount of
data (e.g., pf = 0.25), the accuracy remains high. Moreover,
as shown on the right in Figure 4, when using a fixed threshold
χ2 for outlier filtering, the variability in the estimated outlier
percentages is significantly larger compared to our method.
Note the variability between 50% and 70% for a χ2 value
of 0.5. These significant variability differences between our
online method and the standard fixed χ2 threshold illustrates
a higher accuracy in the outlier rejection, that will in turn
improve the SLAM accuracy as shown in Section IV.
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mean std mean + std median rmse
Tracking 29.81 9.21 39.02 28.44 31.19
Mapping 453.43 197.75 651.18 371.32 493.68

- Dist. Est. 4.56 0.45 5.01 4.32 4.58

TABLE II: Timing (ms): our implementation of the distribu-
tion estimation occurs within the BA in the mapping thread,
adding negligible time overhead to the full pipeline.

Hz Res.
RGB-D TUM [47] Indoor Real Office Handheld 30 640 x 480
ETH [19] Indoor Real Living Room Handheld 40 739 x 458
KITTI [48] Outdoor Real Road Car 10 1241 x 376

TABLE III: Dataset characteristics. We used sequences from
3 datasets, utilizing ORB-SLAM2 as underlying pipeline [16].
These sequences show significant variations in terms of image
noise, resolution, scene content, and application domain.

Once the distribution is fitted, we can use the estimated
parameters to calculate an adaptive threshold for a given
confidence value p. We use the probabilistic threshold p
as a parameter for our experiments.

IV. EXPERIMENTS

The primary goal of our distribution-based outlier rejection
approach is to enhance the accuracy and versatility of
SLAM. To achieve this, we conducted a comprehensive set
of experiments encompassing a diverse range of scenarios.

A. Methodology

We implemented our methods within the local BA in the
mapping thread of the state-of-the-art feature-based monocular
ORB-SLAM2 [16]. We also employ the original ORB-
SLAM2 implementation as the baseline method for our com-
parisons. To minimize the influence of real-time constraints
in SLAM, which could potentially impact our evaluation
results, we utilize a sequential version of ORB-SLAM21. To
account for the influence of other non-deterministic effects,
our accuracy metrics are calculated over 10 runs of each
sequence.

Real-time estimation is a critical requirement for SLAM.
Table II presents the timing performance of the tracking and
mapping threads. Our implementation of the outlier distri-
bution estimation occurs within the local bundle adjustment
optimization in the mapping thread, adding negligible time
overhead to the complete pipeline.

We evaluate our approach using the Absolute Trajectory
Error (ATE) [47], which calculates the root-mean-squared
of the translation errors. In order to find the operating points
where the parameter selection maximizes the overall accuracy
of a pipeline in a set of heterogeneous sequences, such as the
set of values where the trajectory estimation is better for a
car sequence (e.g. [48]) compared to an office scenario (e.g.
[47]), where errors are in meters and centimeters, we define
a normalized ATE.

Let Ej be the set of n ATE values obtained from one
evaluation in one sequence j, normalized by the absolute

1The sequential version of ORB-SLAM2 used in our experiments can be
found at: https://github.com/alejandrofontan/ORB SLAM2 Deterministic.

Per-sequence Per-dataset Global
χ2 p χ2 p χ2 p

R
G

B
-D

T
U

M

fr1 desk †(cm) 1.61 (3.0) 1.60 (0.98) 1.76 1.73 1.64 1.73
xyz 1 0.94 (1.25) 1.00 (0.95) 0.94 1.03 1.02 1.03
desk 2 0.99 (1.25) 0.84 (0.9) 1.03 0.84 1.03 0.84
xyz 2 0.30 (0.75) 0.26 (0.9) 0.33 0.26 0.40 0.26
long office 3.02 (0.25) 1.06 (0.92) 3.27 1.10 4.75 1.10
nstr text near 1.23 (2.0) 1.17 (0.9) 1.24 1.17 1.36 1.17
str text far 1.00 (0.75) 0.97 (0.95) 1.26 1.24 1.24 1.22

K
IT

T
I 03 †(m) 0.69 (3.0) 1.08 (0.95) 1.12 1.08 0.69 1.95

04 0.15 (0.75) 0.20 (0.87) 0.15 0.22 0.48 0.20
07 2.76 (10.0) 1.86 (0.99) 3.23 4.72 3.56 6.43

E
T

H

large loop 1 †(cm) 1.60 (2.0) 1.43 (0.92) 1.60 1.43 1.97 1.62
repetitive 0.65 (2.0) 0.60 (0.92) 0.65 0.60 0.70 0.61
table 3 0.71 (2.0) 0.54 (0.92) 0.71 0.54 0.96 0.63

TABLE IV: Accuracy results (better ↓): we evaluate tra-
jectory estimation accuracy using the ATE metric across
13 sequences spanning 3 datasets. Our experiments involve
ablation studies where we vary both the vanilla ORB-
SLAM2 threshold χ2 for outlier rejection and our probabilistic
parameter p. We discern the best accuracy achieved when
selecting best parameters per sequence (χ2 and p in brackets
on the table). Our approach achieves the highest accuracy in
10 out of 13 sequences. Furthermore, when employing the
normalized ATE to determine the best parameter on both a
per-dataset and global basis (as indicated by the corresponding
values in Table V), our approach yet again achieves the highest
accuracy in 10 and 9 out of 13 sequences, respectively. †

Please note the varying units for the ATE depending on the dataset.

RGB-D TUM KITTI ETH Global
χ2 p χ2 p χ2 p χ2 p

1.28 1.16 2.04 2.02 1.52 1.26 1.64 1.21
(1.0) (0.9) (0.75) (0.95) (2.0) (0.92) (3.0) (0.9)

TABLE V: Normalized ATE (better ↓): We identify the best
accuracy on a per-dataset and global basis employing the
normalized ATE, Ê (Section IV-A). Our approach yields
overall the highest accuracy in all cases. Table IV shows the
absolute ATE values independently for each sequence for the
best parameter (in brackets on the table).

minimum of the ATE found in that sequence from all
experiments, configurations, and approaches (both ours and
vanilla). We define the hat operator as the mean plus one
standard deviation over one set of values: x̂ = µ(x) + σ(x).
Finally, we define a general normalized ATE Ê over a
set of N sequences being E = {Êj |Êj with j ∈ {0, N}}
the set of normalized ATE values of each sequence. Note
that this normalization procedure can be applied to any other
evaluation metric to aid selecting operational points for SLAM
algorithms running in various applications and scenarios.

As explained in Section I, our goal is to explore the ability
of SLAM pipelines to generalize to different applications and
scenarios, finding approaches with generalizable parameters
that minimize fine-tuning efforts. In Section IV-C, we evaluate
inter-sequence accuracy matrices. We fill these matrices
Mij by selecting the normalized ATE value obtained in a
sequence i with the set of settings corresponding to the
configuration that yielded the minimal normalized ATE in
sequence j. By analyzing the values collected in these
matrices, we are able to study the generalization capabilities
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Fig. 5: Accuracy results with global threshold selection.
We present the combined normalized ATE, Ê (Section IV-A)
for all sequences in Table IV while varying both the vanilla
ORB-SLAM2 threshold χ2 for outlier rejection (left) and our
probabilistic parameter p (right). It’s noteworthy that 1) our
method achieves significantly lower trajectory errors at the
point of highest accuracy, and 2) our approach exhibits less
sensitivity to disturbances around the optimal parameter, as
evident from the smoother derivative of the curve.
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Fig. 6: Inter-sequence accuracy matrix (better ↓). We
present the normalized ATE for each sequence (rows),
evaluated using thresholds corresponding to the highest
accuracy performance of the remaining sequences (columns).
It’s worth noting that our online adaptive thresholding (on the
right) exhibits less sensitivity to disturbances compared to the
fixed thresholding of ORB-SLAM2 (on the left). Numerical
evaluations of these matrices are provided in Table VI.

of different approaches.
Our extensive evaluation covers 13 sequences across 3

publicly available datasets for the evaluation of V-SLAM. It
should be noted that to assess the versatility of our approach
and its ability to work across complementary datasets with
minimal parameter fine-tuning, our evaluation benchmark is
significantly larger than previous state-of-the-art SLAM works
[16], [17], [49], [19]. Table III provides an overview of the
dataset characteristics, including factors like image resolution,
frequency, indoor/outdoor scenes, and real/synthetic images.

B. Accuracy evaluation

Table IV provides a comprehensive evaluation of estimated
trajectory errors using the ATE metric across sequences

mean std mean + std median rmse
Vanilla (χ2) 1.55 0.44 2.00 1.77 1.98
Ours (p) 1.25 0.13 1.35 1.35 0.72

TABLE VI: Numerical evaluations of inter-sequence accu-
racy matrix (better ↓). As depicted in Figure 6, our adaptive
approach demonstrates lower sensitivity to disturbances when
compared to fixed thresholding.

spanning 3 datasets. Our ablation experiments involve varying
the vanilla ORB-SLAM2 threshold χ2 for outlier rejection and
our probabilistic parameter p. We identify the best accuracy
when selecting parameters on a per-sequence basis, and
our approach consistently outperforms others, achieving the
highest accuracy in 10 out of 13 sequences.

Furthermore, when employing the normalized ATE Ê to
determine the best parameter on both a per-dataset and global
basis (as indicated by the corresponding values in Table V),
our approach yet again achieves the highest accuracy in 10
out of 13 sequences and 9 out of 13 sequences, respectively.

Figure 5 complements Table V by visualizing the combined
normalized ATE (as detailed in section IV-A) across all
sequences in Table IV. We vary both the vanilla ORB-
SLAM2 threshold χ2 for outlier rejection (on the left)
and our probabilistic parameter p (on the right). Notable
observations include the fact that our method achieves
significantly lower trajectory errors at the point of highest
accuracy. Moreover, our approach exhibits less sensitivity to
disturbances around the optimal parameter, as evidenced by
the smoother derivative of the curve.

C. Inter-sequence accuracy evaluation

In Figure 6, each row represents the normalized ATE for
a specific sequence, evaluated using thresholds optimized
based on the highest accuracy observed in other sequences
(columns). Notably, our online adaptive thresholding (depicted
on the right) displays remarkable resilience to disturbances, in
stark contrast to the fixed thresholding of ORB-SLAM2 (de-
picted on the left). We provide precise numerical assessments
of these matrices in Table VI, reaffirming the superiority
of our adaptive approach in achieving lower inter-sequence
accuracy variations (better ↓).

V. CONCLUSIONS
In summary, we have introduced a novel framework for

outlier rejection in feature-based Bundle Adjustment for
Visual SLAM. Our approach utilizes a Gamma distribution
as a prior to estimate an adaptive threshold in real-time.
Through extensive experiments and ablation studies across
13 sequences spanning 3 complementary datasets, we have
provided validation for the proposed approach, which has
been shown to be effective, and provides a considerable
improvement over the current state-of-the-art methods.

Significantly, our approach excels in generalizing to
changes in the application domain or environmental conditions
without the need for specific parameter training. This makes
it particularly relevant for robotic applications with limited
access to training data or operating in dynamic environments.
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