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Abstract— Vehicle visual localization uses vision sensors to cap-
ture environmental information, enabling precise localization of
autonomous vehicles within their surroundings. However, current
visual localization methods generally have some shortcomings:
on one hand, they are limited by the camera’s field of view,
on the other hand, their robustness is often inadequate under
challenging conditions such as lighting changes, long-term scene
changes, or occlusions. To address these issues, we formulate a
general spherical camera model for both fisheye and panoramic
cameras and propose a minimal solution for pose estimation
using this model based on vehicle motion characteristic. The
minimal solution cannot filter outliers, so a robust estimation
framework is necessary. For outlier-rejection, we introduce two
frameworks: a probabilistic optimal RANSAC and a globally
optimal graph-based framework. We conduct a probabilistic
analysis of the RANSAC to demonstrate its enhanced robustness
given by the proposed minimal solution. To achieve robustness
to extreme outliers (higher than 90%), we decouple the rotation
and translation space through the minimal solution to construct
maximum consensus graph for the two sub-problems. We then
employs a maximum clique search algorithm to find the optimal
solutions, achieving deterministic convergence while maintaining
real-time performance. Extensive experiments with synthetic
data, real-world fisheye images, and 360◦ panoramic images
validate the robustness and efficiency of our proposed algorithms.

Index Terms— Vehicle localization, visual localization, fisheye
cameras, panoramic cameras, maximum consensus.

I. INTRODUCTION

THE past decade has witnessed the increasingly significant
role of visual localization in autonomous vehicle driving

[1], [2], [3]. Visual localization involves vehicles leverag-
ing visual perception information to determine their precise
position and orientation within a pre-constructed map. The
success of localization is crucial to the effectiveness and even
safety of navigation and trajectory planning [4], especially
when driving in complex road scenarios. However, it is widely
recognized that visual systems are vulnerable in environments
with dynamic occlusions, low textures, and long-term changes,
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particularly for monocular systems. Therefore, robust visual
localization remains a key focus of the community.

This paper aims to address these challenges in visual
localization through the following two aspects. On one hand,
we can expand the camera’s field of view (FOV). A larger FOV
introduces more visual observations [5], significantly reducing
the proportion of observations affected by dynamic occlusions,
while increasing the likelihood of observing richly textured
areas. On the other hand, we need to explore more robust
outlier-rejection methods to deal with outliers caused by long-
term changes.

A. Wide FOV

Fisheye and panoramic cameras with a larger FOV have
attracted the attention of researchers. A plethora of studies
targeting panoramic perception tasks, such as depth estimation
[7] and semantic segmentation [8], have emerged. How-
ever, camera pose estimation still primarily relies on pinhole
cameras. Consequently, there is significant research value in
integrating panoramic observations into downstream tasks to
reduce the number of cameras required in a vehicle system.

Specifically, the problem of map-based visual localization
can be formulated as camera pose estimation based on 2D-3D
observations, also known as the Perspective-n-Point (PnP)
problem. PnP problems based on the pinhole camera model
have been extensively studied [9], [10], [11]. Although it is
possible to rectify fisheye or panoramic images into perspec-
tive images, this approach obviously loses the advantage of
the inherent wide FOV observations of these models. More-
over, when the camera’s FOV exceeds 180 degrees, feature
distortion becomes non-linear, making accurate rectification
difficult. Therefore, conventional PnP methods based on the
pinhole model cannot make use of wide FOVs. Although
MLPnP [12] has been proposed for fisheye camera pose
estimation using a generic camera model, it cannot handle
360◦ panoramic cameras. Hence, a PnP formulation that is
universally applicable to fisheye and panoramic camera models
is still required.

B. Outlier-Rejection

RANSAC is a popular outlier-rejection framework that
achieves efficient robust estimation by randomly sampling
feature sets and voting for inliers [13]. However, RANSAC can
only handle cases where the outlier proportion is moderate.
When the outlier proportion is high, RANSAC struggles to
achieve successful estimation due to its probabilistic nature
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[14]. Then a guaranteed optimal robust framework for achiev-
ing robust localization under high outlier rate conditions is
required. However, existing deterministic convergence frame-
works based on Branch-and-Bound (BnB) [15] or Mixed
Integer Programming (MIP) [16] have high computational
complexity, making it difficult to scale to realistic problem
instances.

To address above problems, this paper proposes new
methods from both solution and framework perspectives.
Specifically, we derive a minimal solution for vehicle local-
ization based on a unified spherical camera model, which is
applicable to any fisheye or panoramic camera model and
requires only two feature matches for camera pose estima-
tion. Based on this minimal solution, we first propose a
sampling-based probabilistically optimal real-time robust esti-
mation framework and demonstrates a significant improvement
in estimation success rate through probabilistic analysis. It has
been verified in the experiments that the proposed method
can increase the tolerance of RANSAC-like methods to outlier
proportions from 50% to 80%. Additionally, we discover from
the derivation of the minimal solution that the estimation of
rotation and translation can be decoupled. Then we formulate
a graph-based maximum consensus set problem to efficiently
solve rotation and translation sub-problems, thereby achieving
efficient deterministic convergence solving under extreme out-
lier proportions of up to 95%. In summary, the contributions
of this paper are listed as follows.
• We derive a minimal solution based on a unified spher-

ical camera model to solve the camera pose estimation
problem using only 2 correspondences for both fisheye
and panoramic cameras.

• We embed the minimal solution into a statistically optimal
framework and prove the enhancement of robustness
through probabilistic analysis, enabling real-time estima-
tion with moderate outlier ratios.

• We propose a guaranteed optimal framework by decou-
pling the solution space and formulating a graph-based
maximum consensus set problem, facilitating efficient
deterministic convergence under extreme outlier ratios.

• We conduct extensive simulation and real-world datasets
experiments, verifying the effectiveness of our proposed
method in challenging environments.

II. RELATED WORK

A. PnP Solutions

1) Pinhole PnP: In the domain of robotics and vehicle
navigation, visual localization via query images against 3D
maps is a prevalent technique, with the estimation of camera
pose using a PnP solver being a crucial step. PnP algorithms
estimate camera pose from n 2D-3D point correspondences.
Notable variants include EPnP [17], which represents 3D
points as a linear combination of four virtual control points to
solve for the pose; UPnP [18], which formulates the problem
as an unconstrained nonlinear optimization, estimating both
camera parameters and pose without prior calibration; and
RPnP [19], which transforms the problem into solving a quar-
tic polynomial, yielding candidate pose solutions. EProPnP

[20] is an advanced object pose estimation network that
learns 2D-3D correspondences by backpropagating through
the probability density of the pose. oDLT [21] cleverly
integrates measurement uncertainty into the DLT framework,
constructing a sophisticated weighted least-squares system to
directly solve camera pose that approaches the maximum
likelihood estimate. These methods are all designed for pinhole
cameras, which differ in computational efficiency, robustness,
and accuracy.

2) Wide FOV PnP: Visual localization can be constrained
by limited fields of view, therefore, expanding the field
of view is a direct means to enhance robustness. Images
with wide fields of view provide ample textures, which are
fundamental for robust pose estimation. ORB-SLAM3 [22],
integrating the Kannale-Brandt camera model [23], supports
fisheye image input, employing MLPnP [12] as the cam-
era relocalization algorithm. MLPnP explicitly considers the
impact of observation noise. It assumes that the observed
values of 2D image points follow a Gaussian distribution and
finds the optimal camera pose by maximizing the likelihood
function. SOS [24] proposes an innovative real-time direct
monocular visual odometry for omnidirectional cameras. For
panoramic cameras, current methods often address the 2D-2D
relative pose estimation problem rather than the PnP problem.
360-8PA [25] redesigns the normalization algorithm in the
classical eight-point method to estimate the essential matrix
for spherical projections. 360vo [26] introduces a direct visual
odometry method for 360 cameras, estimating camera poses
by optimizing photometric error, but this approach has a high
computational cost. Therefore, there is still a need for a PnP
solution suitable for fisheye and panoramic camera models.

B. Robust Estimation for Visual Localization

1) RANSAC: Direct visual odometry directly utilizes image
pixel intensities to estimate camera motion. However, PnP
methods typically rely on the extraction and matching of fea-
ture points, such as SIFT [27] and ORB [28]. Deep learning is
advancing rapidly and is being widely applied in autonomous
driving and mobile robots. A control framework based on deep
reinforcement learning [29] is proving effective for exploration
tasks of autonomous mobile robots in unknown environ-
ments. With its powerful image feature extraction capabilities,
deep learning is enhancing the environmental perception of
autonomous vehicles. SuperPoint [30] is an end-to-end trained
neural network capable of both feature point detection and
descriptor computation. LOFTR [31], using a Transformer
architecture, captures both global and local information during
the feature point matching process, excelling in scenarios
with occlusions and significant viewpoint changes. Despite
their advancements, these methods inevitably generate some
erroneous matches and structured noise. Robust estimation
is crucial in visual localization to handle noise and outliers.
Recently, a multitude of RANSAC variants [32], [33] have
emerged. BANSAC [34] employs a dynamic Bayesian net-
work to adaptively update the inlier scores of data points
at each RANSAC iteration, enabling more efficient sampling
and termination criteria. However, due to RANSAC’s random
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Fig. 1. Illustration of the proposed vehicle visual localization problem
definition. Based on the local planar motion characteristics of the vehicle,
the pitch and roll of the query camera can be approximated by those of
the map camera. Therefore, vehicle visual localization can be formulated as
solving for the yaw angle and translation of the query camera relative to the
map camera based on 2D-3D observations. The example images are from
KITTI-360 dataset [6].

sampling nature, a high proportion of outliers often necessi-
tates more iterations to test different sample sets, increasing
computational time and resource consumption, and potentially
failing to find the correct camera pose.

2) Global Methods: Another class of robust estimation
methods is global methods [35], which possess global con-
vergence properties [36] and ensure that the estimated camera
pose has the highest reliability within the given data. Liu et
al. proposed a globally optimal algorithm based on BnB [37],
leveraging line features to achieve accurate pose estimation
and tracking in highly dynamic scenarios. The key to the BnB
algorithm is to find the upper and lower bounds of the objective
function, so each new algorithm often introduces new bounds.
However, searching in a six-dimensional space remains very
time-consuming. Additionally, methods based on MIP aim to
eliminate outliers by introducing robust objective functions,
setting distance thresholds, and incorporating outlier detection
[38]. Nevertheless, existing methods have limitations in real-
time performance. When apply to actual localization problems,
the computation time increases exponentially with the number
of feature points, making it challenging to meet real-time
localization requirements.

Therefore, there is still a need for an efficient globally
optimal method to solve localization problems in practical
applications. We propose a novel globally optimal framework
that decouples the problem into rotation and translation sub-
problems. By introducing a corresponding consensus function
and using graph search methods to solve for the maximum
consensus set, we significantly improve the efficiency of global
search.

III. OVERVIEW

The process of visual localization typically adheres to a
structured protocol. Initially, a current image is captured and
identified as the query image. This image is then matched
with a similar image retrieved from a map database, serving
as the reference image. As depicted in Fig. 1, subsequent
steps involve performing feature matching between the query

and reference images to compute the pose of the query
image. This pose, characterized by six degrees of freedom
(DoF) comprising three for rotation and three for translation,
is then transformed into the vehicle’s pose using the extrinsic
parameters that link the camera to the vehicle.

An overview of our proposed pose estimation method is
shown in Fig. 2. In Sec. IV-A.1, we first reduce the 6DoF
problem to 4DoF. Then, we propose a unified spherical camera
model suitable for fisheye or panoramic camera models in
Sec. IV-B. We use it to convert 2D-3D correspondences into
projection vectors. Then, in Sec. IV-C and IV-D, based on
this camera model, we propose a minimal solution for the
camera pose estimation problem that requires only two 2D-3D
correspondences. In Sec. V, we propose two outlier-rejection
frameworks. First, we propose a sampling-based probabilistic
optimal real-time robust estimation framework based on the
idea of RANSAC. Then, we decompose the minimal solution
into rotation and translation subproblems and construct a
graph-based maximum consensus problem to achieve efficient
deterministic convergence in solving.

IV. MINIMAL SOLUTION

A. Problem Formulation

1) 4DoF Formulation: Given that vehicles predominantly
travel on locally planar surfaces, it is plausible to assume
that the pitch and roll angles of the query vehicle’s pose
closely approximate those of the reference pose. Precision in
these angles can be further refined using data from an inertial
measurement unit. Consequently, this adjustment enables us to
formulate the transformation from the map camera coordinate
system Cm to the vehicle camera coordinate system Cq with
just four degrees of freedom, which is succinctly described by
the transformation matrix Tq

m = [R|t], to be more specific:

R =

 cos(θ) 0 sin(θ)

0 1 0
− sin(θ) 0 cos(θ)

 , t =

tx
ty
tz

 . (1)

The details of reducing the 6DoF pose to 4DoF can be obtained
from previous work [39].

B. Unprojection

The camera model encapsulates the mathematical correla-
tion between the coordinates of 3D points in spatial space �

and their corresponding projected 2D pixel coordinates within
the image plane 9. Conventionally, the coordinates of 3D map
points are designated as p = [x, y, z]⊤ ∈ � ⊂ R3, and the
image coordinates are represented as u = [u, v]⊤ ∈ 9 ⊂ R2.
Furthermore, 5 : �→ 9 symbolizes the projection function,
which is different corresponding to different camera models:

ui = 5(Rpi + t, K, d), (2)

where i is the index of 2D-3D correspondence, K is the camera
intrinsic parameters and d is the distortion coefficients.

For different panoramic or fisheye cameras, their projection
and distortion models vary (Fig. 3), which in turn leads
to distinctions in the derivation of camera poses. To unify
pose estimation algorithms across these cameras, we initially
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Fig. 2. Overview: The 2D-3D correspondences, which are the results of feature matching between the query image and the reference image, serve as the
input to our pipeline. In the Minimal Solution, the 2D-3D correspondences are first unprojected into projection vectors through the camera model, and the
problem’s dimensionality is reduced to 4DoF. Then, our outlier-free solution computes the camera pose based on the relationships between these projection
vectors. Finally, our outlier-rejection framework eliminates outliers based on the distribution of the 2D-3D correspondences to obtain the final camera pose.

Fig. 3. Three different mappings between spherical coordinates and planar image coordinates.

transform 2D points on the image plane 9 into projection
vectors onto a spherical projection surface 2 emanating from
the camera’s optical center, which can be represented as ṽ =
[x̃c, ỹc, z̃c]

⊤
∈ 2 ⊂ R3. Furthermore, we can normalize this

spherical surface to a unit sphere and obtain a normalized
vector denoted as v = ṽ/∥ṽ∥ = [xc, yc, zc]

⊤. Subsequently,
by leveraging the correspondence between these projection
vectors and the matched 3D points, we proceed to derive
the camera’s pose. This representation based on projection
vectors onto a unit spherical surface is universally applicable
to any spherically modeled camera system. Following this,
we outline three popular spherical camera models and detail
the methodology for converting 2D image points in 9 into
such projection vectors in 2.

1) Fisheye Camera Model of Kannale-Brandt [23]: The
projection process of common fisheye camera models gener-
ally follows these steps. First, the 3D point coordinates in �

are mapped to the normalized spherical coordinate system in
2, and then projected onto the imaging plane where the lens
distortion model is applied. Finally, they are mapped to the
image pixel coordinates in 9. In the Kannale-Brandt model,
we first use the camera’s intrinsic parameters K to lift the pixel
coordinates to the imaging plane:x0

y0
1

 = K−1

u
v

1

 . (3)

Then the distortion model is represented as follows:

θd =

√
x02 + y02 = θ(1+ k1θ

2
+ k2θ

4
+ k3θ

6
+ k4θ

8), (4)

where d = [k1, k2, k3, k4] denotes the distortion parameters.
We can solve for θ numerically, which is then used to
un-project the pixel coordinates onto the spherical coordinates
as:

r = tan(θ), (5)

where r represents the norm of u after distortion correction
on the imaging plane.

a =
x0

θd
r, b =

y0

θd
r, (6)

ṽ =

x̃c
ỹc
z̃c

 =
a

b
1

 . (7)

2) Fisheye Camera Model of MEI [40]: The MEI model
is a prevalent fisheye camera model. The core concept of
this model lies in introducing an offset parameter ξ , thereby
enabling the projection of horizontally incident rays onto the
pixel plane. Similar to the Kannale-Brandt model, we first get
the lifted coordinates x0, y0 as in (3). Then according to:

x(1+ k1(x2
+ y2)+ k2(x2

+ y2)2) = x0,

y(1+ k1(x2
+ y2)+ k2(x2

+ y2)2) = y0. (8)

we solve for the numerical approximate solution for x and
y. We use MATLAB’s fsolve function with the Levenberg-
Marquardt algorithm, setting function tolerance to 1e-6 and
maximum iterations to 100, to solve the nonlinear equations
in (4) and (8) for obtaining the distortion parameter θ or
undistorted coordinates x and y. And d = [k1, k2]. The point
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[x, y, 1]⊤ is the undistorted point in the z-normalized imaging
plane, which is obtained by normalizing the z-coordinate of
v after applying an offset of ξ along the z-axis. Specifically,
we have:

v =
[
x̃c/r ỹc/r z̃c/r

]⊤
, (9)

r = ∥ṽ∥ =
√

x̃2
c + ỹ2

c + z̃2
c . (10)

Then the point after offset is:

v′ =
[
x̃c/r ỹc/r z̃c/r + ξ

]⊤
. (11)

After normalizing z-coordinate, we obtain:[
x̃c/r

z̃c/r+ξ
ỹc/r

z̃c/r+ξ
1
]⊤
=

[
x y 1

]⊤
. (12)

Denoting λ = z̃c/r + ξ , and substituting (10) into the
expression of λ, we have

λ =
ξ +

√
1+ (x2 + y2)(1− ξ2)

1+ x2 + y2 . (13)

Then we can solve the normalized spherical coordinates as:

v =

xc
yc
zc

 =
x̃c/r

ỹc/r
z̃c/r

 =
 λx

λy
λ− ξ

 . (14)

3) Panoramic Camera Model [41]: In panoramic cam-
eras, camera coordinates are conventionally expressed using a
spherical coordinate system. As shown in Fig. 3(c), within this
framework, lon and lat represent the camera’s longitude and
latitude, respectively, adhering to the constraints −π < lon <

π and −π/2 < lat < π/2. These coordinates are subsequently
projected onto a 2D image utilizing a cylindrical equidistant
projection approach. The image height is denoted by H , while
the width is represented by W . In an ideal scenario, the
camera’s intrinsic parameters K, can be determined solely by
specifying the image dimensions (H, W ) as:

K =

W/2π 0 W/2
0 −H/π H/2
0 0 1

 . (15)

Then we lift the pixel coordinates to the imaging plane as:lon
lat
1

 = K−1

u
v

1

 . (16)

Then the un-projection process is expressed as follows:

ṽ =

x̃c
ỹc
z̃c

 =
cos(lat) cos(lon)

cos(lat) sin(lon)

sin(lat)

 . (17)

C. Outlier-Free Solution

As described in the previous section, after unifying the 2D
observations detected on the image plane across three camera
models into projection vectors from optical center to points
on the unit sphere, the constraint derived from the i-th 2D-
3D correspondence in (2) is transformed into the collinearity
constraint as:

si vi = Rpi + t, (18)

which can be expanded as:

si

xci

yci

zci

 =
 xi cos(θ)+ zi sin(θ)+ tx

yi + ty
−xi sin(θ)+ zi cos(θ)+ tz

 , (19)

where si represents an unknown scale factor associated with
depth. According to (19), we can represent unknown si as:

si =
yi + ty

yci

. (20)

Then substituting it into (19), we can get two independent
constraints as:

yci xi cos(θ)+ yci zi sin(θ)+ yci tx − yi xci − xci ty = 0,

yci zi cos(θ)− yci xi sin(θ)+ yci tz − yi zci − zci ty = 0. (21)

D. Closed-Form Solution With Gravity Alignment

By exploiting the local planar motion characteristics of
vehicle movement, we can reduce the minimum number of fea-
ture matches required for camera pose estimation. As shown
in Sec. IV-A.1, by leveraging local planar motion charac-
teristics or integrating inertial measurements, we can always
align the camera’s orientation with gravity. At this point, the
unknowns in the camera pose are reduced to 4DoF. According
to (21), each 2D-3D correspondence provides two indepen-
dent constraints, thus only two pairs of correspondences are
needed to solve for the camera pose. By combining these
four constraints, we can eliminate the unknown translation
components, resulting in an equation that depends only on
the rotational unknown, specifically the yaw angle:

d1 cos(θ)+ d2 sin(θ)+ d3 = 0, (22)

where

d1 = yci yc j [xi − x j − γ (zi − z j )]

d2 = yci yc j [zi − z j − γ (x j − xi )]

d3 = y j yci (xc j − γ zc j )+ yi yc j (γ zci − xci )

γ =
xc j yci − xci yc j

zc j yci − zci yc j

. (23)

And j is the index of another 2D-3D correspondence. Then,
by reintroducing the solved value of θ̂ into the constraint
equations we can obtain a system of linear equations with
respect to t:

Ht = b, (24)

where

H ≜


yci −xci 0
0 −zci yci

yc j −xc j 0
0 −zc j yc j

 , (25)

b ≜


yi xci − yci xi cos(θ̂)− yci zi sin(θ̂)

yi zci − yci zi cos(θ̂)+ yci xi sin(θ̂)

y j xc j − yc j x j cos(θ̂)− yc j z j sin(θ̂)

y j zc j − yc j z j cos(θ̂)+ yc j x j sin(θ̂)

 , (26)

and employing a least squares optimization approach, we can
determine the unknown translation vector as:

t̂ = (H⊤H)−1H⊤b. (27)
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E. Benefits of Closed-Form Solution

As a pure solution, our proposed minimal solution 2P
cannot filter outliers. It needs to be combined with an
outlier-rejection strategy for robust performance. Details are
provided in Sec. V. The outlier-rejection strategy should
provide the solution with a sufficient number of correct 2D-3D
correspondences. Likewise, a good solution can improve the
efficiency and robustness of the outlier-rejection strategy. Our
proposed method offers two key advantages in this regard:
First, it requires only two pairs of 2D-3D correspondences,
which significantly improves the efficiency of outlier filtering.
Second, our method provides a closed-form solution. This
allows us to decouple the pose estimation process and filter
outliers using intermediate results. This decoupling leads to a
significant improvement in both efficiency and robustness.

V. ROBUST ESTIMATION FRAMEWORK

The above solution can accurately estimate the pose only
when all matches are correct, i.e., inliers. However, in prac-
tical applications, due to long-term changes in environmental
appearance, it is challenging to ensure the reproducibility of
descriptors during the feature matching process, leading to
incorrect matches, or outliers. Therefore, the aforementioned
solution needs to be embedded within a robust estimator to
eliminate mismatches. Next, we will introduce two types of
robust estimators, each offering different levels of optimality.

A. Statistically Optimal Estimator

RANSAC [13] is a popular robust statistical method utilized
predominantly for outlier-rejection. This technique operates
through iterative random sampling of subsets from the data
to construct and fit models. The efficacy of each model is
assessed based on its congruence with the observational data,
primarily measured by the quantity of inliers, which are data
points that fit well with the model under consideration. The
algorithm proceeds by selecting the most optimal model,
typically characterized by the maximal aggregation of inliers,
thus ensuring the statistical integrity and robustness of the
model’s estimations against outliers.

1) 2P RANSAC: The proposed minimal solution can be
directly embedded into the RANSAC framework as model
estimation. To identify inliers, we calculate the re-projection
error and determine whether it falls below a preset inlier
threshold (2). After a fixed number of iterations, we select the
pose corresponding to the largest inlier set as the initial pose.
Subsequently, we use this initial pose to apply a 6DoF Gauss-
Newton optimization to iteratively refine the pose. Subsequent
refinement of the initial estimate is a common procedure,
as performed in various studies such as [17], [42].

Additionally, the 6DoF optimization helps address errors
that may occur in aligning with gravity, specifically addressing
the noise issues in pitch and roll observations. The detailed
algorithm steps are shown in Algorithm 1.

2) Probabilistic Analysis: Additionally, probabilistic analy-
sis reveals that the proposed minimal solution plays a crucial
role in enhancing the success rate of the outlier removal
process and reducing computational complexity in RANSAC.

Algorithm 1 2P-RANSAC
1: Input: 2D-3D correspondences set C
2: Output: The guaranteed optimal Ropt , topt
3: Initialize best I nliers ← 0
4: for k = 1ton do
5: Randomly select a minimal sample set S from the C.
6: Estimate the pose (Rk, tk) using S and (22) (27).
7: for each correspondence (vi , pi ) from the C do
8: Compute the reprojection error ei using (2).
9: Determine the inlier set Ik using ei .

10: end for
11: if |Ik | > best I nliers then
12: best I nliers ← |Ik |

13: best Pose← (Rk, tk)

14: end if
15: end for
16: Ropt , topt = NonlinearOptim(best I nliers, best Pose).

Specifically, the factors affecting the success rate of estimation
during the RANSAC process have been analyzed, as illustrated
in (28), where k is the iteration number, w is the inlier rate
in data, n is the minimal number of elements for model
estimation, and P is the success rate.

P = 1− (1− wn)k . (28)

During the application of RANSAC, the two common termina-
tion strategies are achieving a specific success rate or setting
a fixed number of iterations. We find that under a specified
success rate, the computational complexity of the RANSAC
estimator increases exponentially with the minimal number of
data points required. When the number of iterations is fixed,
reducing the minimum number of features, n, required for
model estimation significantly increases the success rate of
the estimation. Therefore, the proposed minimal solution can
significantly enhance the robustness of vehicle localization
under long-term changes.

B. Globally Optimal Estimator

The RANSAC algorithm is characterized by its robustness,
operational efficiency, and simplicity in implementation. How-
ever, given its stochastic nature as a random sampling method,
it cannot unequivocally assure the procurement of the global
optimum solution, thereby potentially relegating the process
to suboptimal local maxima. Therefore, under challenging
conditions with few feature matches or a high outlier rate,
estimations based on RANSAC will fail. To ensure global
optimality and achieve robust localization even under extreme
mismatch proportions, we further propose a deterministic
convergence solution framework based on the decoupling of
pose estimation.

Overview: First, we introduce outliers to further define
the problem and define the Maximum Consensus objective.
Then we define a consensus function to determine whether
correspondences are in consensus. Based on our proposed
minimal solution method, we can first solve the maximum
consensus objective for rotation estimation. Then we propose
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a graph-based consensus function to find the maximum con-
sensus set for rotation. Next, we propose a similar translation
consensus function to further eliminate outliers in the results
of the rotation maximum consensus set. Finally, we can obtain
the globally optimal solution.

1) Consensus Maximization Formulation: In the problem of
2D-3D correspondence-based visual localization, 2D observa-
tions ui ∈ 9 correspond one-to-one with 3D map points pi ∈

�. Following Sec. IV-B, after unifying the 2D observations
onto the unit sphere 2, the matching set can be defined as
C = {(vi , pi ) : vi ∈ 2, pi ∈ �}

NC
i=1, where vi represents

the projection vector corresponding to ui , and NC is the total
number of correspondences. In practical applications, due to
the presence of noise in observations and faulty data associ-
ation, C typically contains an unknown number of outliers.
Considering these factors, the 2D-3D observation constraint
in (18) should be updated to the following model to represent
these realities:

si vi = Rpi + t+ oi + ei , (29)

where oi = 0 iff Ci is an inlier and ∥ei∥ ≤ τ is assumed to be
bounded measurement noise. Ci represents i-th correspondence
in set C, and ∥ ·∥ denotes the Euclidean norm. To estimate the
pose robustly from the input correspondences, we formulate a
Maximum Consensus objective (MC-objective) which aims to
find the pose that is consistent up to threshold τ with maximum
number of correspondences:

max
R,t

NC∑
i=1

I(∥si vi − Rpi − t∥ ≤ τ), (30)

where I(⋄) = 1 when ⋄ is true, otherwise I(⋄) = 0. Then the
resulting consensus set corresponding to an estimated pose is
given by:

I(R, t) = {Ci : ∥si vi − Rpi − t∥ ≤ τ }. (31)

2) Decoupled Formulation: During the derivation of the 2P
minimal solution in Sec. IV-C, we find that the yaw angle
of rotation and the translation components in the pose to
be estimated can be decoupled, thus reducing the original
4DoF pose estimation problem into two lower-dimensional
sub-problems, detailed as follows.

Translation invariant MC-objective: For each two pairs
of correspondences Ci and C j in set C, by combining the
collinearity constraints, we can eliminate the translation com-
ponent, resulting in a constraint solely dependent on the yaw
angle of the rotation matrix, as shown in (22). This can be
expressed, considering noise and outliers, as follows:

ft,i j (θ)+ oi j + ei j = 0, (32)

where

ft,i j (θ) = d1,i j cos(θ)+ d2,i j sin(θ)+ d3,i j . (33)

and the coefficients d∗ are calculated from (22) using Ci
and C j . The new noise bound ∥ei j∥ ≤ τi j can be computed
trough error propagation in process of (22). And oi j is defined
as an arbitrary value when at least one of Ci or C j is an
outlier, otherwise it is 0. For simplicity of the expression,

Fig. 4. Visualization examples of the consensus function and the construction
of rotation and translation graph. In (a), the overlapping intervals of rotation
measurements i, j, and k indicate they belong to a consensus set. In (b),
the overlapping regions of two translation measurement vectors indicate
consensus, with the highlighted red area representing the maximum clique.

we denote k ≜ i j . Then we can formulate a translation
invariant MC-objective as follows:

max
θ

K∑
k=1

I(∥ ft,k(θ)∥ ≤ τk), (34)

where K =
(NC

2

)
. The translation invariant MC-objective

indicates that the optimal yaw angle to be estimated should
have the maximum number of consistent correspondences.

Rotation invariant MC-objective: By solving the translation
invarinat MC problem, we can determine an optimal yaw angle
θ̂ , thereby obtaining an optimal estimate of the rotation matrix
R̂. With the rotation component fixed as in (29), we can then
derive a measurement solely related to translation:

fR,i (t) = si vi − R̂pi − t. (35)

Then the rotation invariant MC-objective is formulated as:

max
t

NC∑
i=1

I(∥ fR,i (t)∥ ≤ τ). (36)

The rotation invariant MC-objective indicates that the
optimal translation found in the maximum consensus set con-
structed with the optimal rotation should have the maximum
number of inliers.

3) Consensus Function: To solve equations (34) and (36),
we introduce consensus functions, leveraging it to construct
a graph (as shown in Fig. 4) representation of the consensus
structure among measurements.

Rotation consensus function: For the estimation of yaw
angle, we have the uncertainty bound for the k-th candidate
angle denoted as θ̂k ∈ [θk, θk] through error propagation.
If the measurement intervals of θk1 and θk2 overlap, then
correspondence set Ck1 and Ck2 belong to the same consensus
set. As shown in Fig. 4(a), our rotational measurements are
one-dimensional, and we can determine whether they belong
to the same consensus set by the overlap of one-dimensional
intervals. Therefore, we propose the following rotation con-
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sensus function:

Iθ (θk1 , θk2) =

{
1 if θk1 ≤ θk2

∧ θk2 ≤ θk1

0 otherwise .
(37)

Then we construct a Rotation Graph, where each θ estimation
is represented as a node. If the rotation consensus function
of two θ estimations is 1, we consider these two nodes to be
connected.

Translation consensus function: For translation estimation,
we follow the similar idea to construct a translation graph.
For each two correspondence Ci and C j , We first substitute
the estimated optimal θ̂ into (24), and obtain an estimation of
translation t̂k as in (27). We can also compute the uncertainty
radius rk of t̂k such that the ground truth tk lies in the sphere
centered at t̂k with radius rk . Then, an estimate t exists for
two measurements set Ck1 and Ck2 belonging to the same
consensus set only if their spheres overlap. As shown in
Fig. 4(b), our translation measurements are three-dimensional,
and we determine whether they belong to the same consensus
set by checking for overlap in three-dimensional space. Then
we propose the following translation consensus function:

It(t̂k1 , t̂k2) =

{
1 if

∥∥∥t̂k1 − t̂k2

∥∥∥ ≤ rk1 + rk2

0 otherwise .
(38)

We construct a Translation Graph, where each node represents
an estimated translation t̂k . The connection of each two nodes
is guided by the translation consensus function.

4) Graph-Based Deterministic Estimation: Based on the
decoupled rotation and translation consensus functions,
we propose an efficient graph-based deterministic convergence
robust solving framework, as shown in Algorithm 2. After
constructing the rotation graph and translation graph, any
existing maximum clique finding method can be applied to
solve for the rotation and translation consistency sets. We use
the Parallel-Maximum-Clique method [43]. After identifying
the maximum consensus set, we apply the 6DoF nonlinear
optimization using the final set of inliers for the correction of
errors in the pitch and roll priors, thereby improving estimation
accuracy.

VI. EXPERIMENTS

In this section, we evaluate the accuracy, robustness, and
real-time performance of our proposed algorithm through
simulations and real-world experiments. We use the SVD and
MLPnP methods as comparison methods for our proposed
minimal solution-based algorithm. The SVD is our imple-
mented 6DoF pose estimation algorithm using the unified
spherical camera model, while the MLPnP is a widely used
fisheye image pose estimation algorithm provided by the
toolbox [12]. To make MLPnP suitable for panoramic cameras,
we input the unified spherical projection observations into
MLPnP for pose estimation of panoramic images, following
the method proposed in the Sec. IV-B.3. For robust estimation,
we embed SVD and MLPnP into the RANSAC framework
(denoted as SVD and ML) and compare them with the
proposed 2P minimal solution-based RANSAC (denoted as
2P) and the graph-based deterministic convergence algorithm

Algorithm 2 Graph-Based Deterministic Estimation
1: Input: 2D-3D correspondences set C.
2: Output: The guaranteed optimal Ropt , topt .
3: Initialize rotation graph RG and translation graph TG .
4: for k = 1 . . .

(NC
2

)
do

5: Compute θk and [θk, θ̄k] with Ck by solving (22).
6: Add node θk to RG .
7: end for
8: for each two nodes k1, k2 in RG do
9: if Iθ (θk1 , θk2) then

10: Add edge between nodes k1, k2.
11: end if
12: end for
13: θ̂ , CR = PMC(RG).
14: for k = 1 . . .

(NCR
2

)
do

15: Compute t̂k and rk with Ck and θ̂ by solving (27).
16: Add node t̂k to TG .
17: end for
18: for each two nodes k1, k2 in TG do
19: if It(tk1 , tk2) then
20: Add edge between nodes k1, k2.
21: end if
22: end for
23: t̂, Ct = PMC(TG).
24: Ropt , topt = NonlinearOptim(Ct , R(θ̂), t̂).

(denoted as MC). All methods and experiments are imple-
mented in MATLAB, and all experiments are conducted on a
portable computer with an AMD Ryzen 7 4800H CPU, clock
speed of 2.90 GHz, and 16.0GB RAM, without using GPU
acceleration.

A. Simulation Experiments

We generate a world cube of size [−5, 5]3, within which
we randomly generate 3D map points. Next, we randomly
generate query camera poses and project the map points
onto the image plane to produce the associated 2D image
points. For the rotation in camera pose, we set the pitch
and roll to 0 to satisfy the assumption of local planar
motion, and then randomly generate the yaw angle within
the interval [−π, π]. The translation values are randomly
generated within the [−5, 5]3 range. All random numbers in
the experiment are generated following a standard normal
distribution. To simulate spherical camera imaging, we use
the intrinsic parameters of a real fisheye camera. The camera
model is the MEI model (described in Sec. IV-B.1) with
a resolution of 1432 × 1410, principal point at (716, 705),
distortion parameters [0.017, 1.65, 0.0004, 0.0004], and offset
parameter 2.21. For evaluation, we calculate the measurement
error between the ground truth rotation Rgt and the estimated

rotation R as arccos(
trace(RT

gt R−1)

2 ) 180
π

degrees. The translation
error between the ground truth translation tgt and the estimated
translation t is computed as

∥∥tgt − t
∥∥ meters.

1) Accuracy: We add Gaussian noise with a mean of 0 and
standard deviation ranging from 0 to 10 pixels to the 2D image
plane, generating 100 test samples at each noise level, with
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Fig. 5. Comparison of estimation accuracy under different noise standard deviations for 100 correspondences.

Fig. 6. Comparison of estimation success rate and time consumption under different outlier ratios for 100 correspondences.

each sample containing 100 pairs of 2D-3D correspondences.
As shown in Fig. 5, we compare the rotation and translation
errors of all methods. At almost all noise levels, our proposed
MC framework demonstrates superior accuracy compared to
the RANSAC framework. Specifically, at lower noise levels
(less than 4 standard deviations), the superiority of the MC
framework is more pronounced. In Fig. 5(b), in the noise-free
experiments, the accuracy of all methods is on the order of
10−5, which is close to the micrometer level. The accuracy
advantage of our proposed MC method is not significant, but
it demonstrates greater stability, as its median and interquar-
tile range are closer. Additionally, a comparison of methods
within the RANSAC framework shows that MLPnP slightly
outperforms SVD, and our proposed 2P algorithm exhibits
significantly better accuracy than both SVD and MLPnP.
This improvement is attributed to our local planar motion
assumption in Sec. IV-A.1, which utilizes prior information
about pitch and roll to reduce errors.

2) Robustness: We initially set an outlier rate of 0-90%,
generating 100 test samples at each outlier rate, with each
sample containing 100 pairs of 2D-3D points. Based on the
outlier rate, we generate the corresponding number of incorrect
2D-3D points as outliers. Each pair of outliers is created by
randomly generating an incorrect pose for projection. The
criteria for success are a rotation error of less than 1 degree
and a translation error of less than 0.1 meters. Note that
to highlight the probabilistic optimality of the RANSAC

framework, we set different maximum iteration counts for
the RANSAC-based methods for comparison. For instance,
our proposed 2P RANSAC with 100 iterations is denoted as
2P100, and with 1000 iterations, it is denoted as 2P1k. The
success rates of the various methods are shown in the Fig. 6.

At outlier rates of 0-90%, our proposed guaranteed optimal
MC method maintains a 100% success rate, and 2P1k also
achieves nearly 100% success. The success rate of 2P100
starts to decline at an 80% outlier ratio, while SVD100 and
ML100 show a significant drop at 50%. This indicates that,
with 100 iterations, our proposed 2P algorithm increases the
tolerance to outliers from 50% to 80%. This observation is
consistent with our probabilistic analysis of RANSAC (28).
Even when increasing the iterations of MLPnP to 1k, its
success rate still begins to drop significantly at a 60% outlier
ratio.

From an efficiency perspective, although 2P1k’s robustness
is close to that of MC, it requires more computational time.
ML1k’s efficiency is significantly lower than other methods.
The 2P100 method has the highest efficiency, making it a
highly cost-effective option for practical applications. How-
ever, SVD and MLPnP require more computational resources
compared to the 2P methods. Comparative experiments
demonstrate that our proposed 2P minimal solution method
offers the highest efficiency while significantly enhancing
RANSAC’s robustness to outliers. The proposed MC method
provides the highest accuracy and robustness, achieving better

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

Authorized licensed use limited to: Hangzhou Normal University. Downloaded on May 27,2025 at 07:57:04 UTC from IEEE Xplore.  Restrictions apply. 



10 IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS

TABLE I
DATASET FEATURE COMPARISON

performance in less time than 2P1k when the outlier rate is
high.

3) Extreme Outliers: To further compare the performance
of MC and RANSAC, we conduct experiments under extreme
outlier rates (90-95%). At these extreme outlier rates, the
RANSAC framework exhibits numerous cases of localization
failure, prompting us to increase the iteration counts for these
methods and set the total number of 2D-3D correspondences
to 200. Specifically, we perform 1k and 10k iterations for 2P,
and 10k iterations for both SVD and MLPnP. In addition,
we conduct a precision comparison experiment to evaluate
the inlier precision rate of the algorithms. The results of all
experiments are shown in Fig. 7. Our proposed MC, 2P1k, and
2P10k methods consistently demonstrate very high accuracy,
with MC producing significantly fewer outlier points compare
to other methods. Conversely, SVD10k and ML10k almost
fail to localize successfully, highlighting the importance of
specialized research in vehicle localization rather than general
localization problems. Our MC method maintains a 100%
precision rate even at 95% outlier rate, attributes to the
global optimality of the global search approach. 2P10k also
approaches 100%, with very few errors, while 2P1k shows a
noticeable decline.

In terms of efficiency, MLPnP exhibits the lowest effi-
ciency at 10k iterations, whereas 2P10k outperform MLPnP.
Due to the requirement for more constraint equations in the
SVD method, our implementation terminates unverified cases
early under extreme outlier rates, leading to discrepancies
in SVD’s timing compared to previous experiments. The
experiments demonstrate that MC exhibits superior robust-
ness, while RANSAC (as seen in 2P10k) requires substantial
computational resources to approach MC’s performance. This
further validates that the proposed MC method can achieve
efficient and robust solutions even under very high mismatch
ratios.

B. Real-World Experiments

In this section, we use three real-world publicly avail-
able datasets that include indoor, outdoor, and road scenes.
The image data in these datasets are collected using fisheye
cameras and 360◦ panoramic cameras, covering the three
camera models described in Sec. IV-B. The details of the three
datasets are compared in Tab. I. In practical applications, the
robustness of localization is more important than its accuracy,
as localization failure can lead to more severe consequences.
Therefore, in our real-world experiments, we primarily eval-
uate the robustness of the localization algorithms, namely the

TABLE II
PERFORMANCE COMPARISON OF KITTI-360

success rate. The comparison methods are the same as those
in the simulation experiments. To control efficiency, we set 2P
to iterate 100 and 1k times, and SVD and MLPnP to iterate
100 times.

1) KITTI-360: KITTI-360 is a large-scale dataset collected
by a vehicle system, containing rich sensor data and ground
truth annotations, recording multiple suburban scenes. The
vehicle system is equipped with fisheye cameras and a laser
scanner, providing a complete 360◦ field of view. Additionally,
the system includes an IMU/GPS positioning system. The
fisheye camera uses the MEI camera projection model in Sec.
IV-B.2. The dataset is divided into 11 separate sequences, each
corresponding to a continuous driving trajectory. We select
three sequences with overlapping trajectories (sequences 4,
5 and 6) to test our localization algorithm, with sequence
5 serving as the reference image set and the other two as query
image sets. We use image retrieval technique NetVLAD [44] to
extract the reference images most similar to the query images.
Feature extraction and matching between the query and ref-
erence images are performed using the SURF algorithm.
Subsequently, we extract the laser data corresponding to the
reference image frames and project the laser points onto the
image using the extrinsic parameters based on the MEI camera
projection model to obtain 3D information. In our proposed
2P minimal solution, we constrain the vehicle to local planar
motion. We can directly obtain the pitch and roll angles of
the query image from the reference image. By combining the
pitch and roll transformations with the estimated yaw, we can
construct the complete relative rotation matrix.

As shown in the Table. II, we compare the localization suc-
cess rates under different thresholds and the time consumption
of the algorithms. In sequence1, the MC method achieves
the highest success rates at 0.5m and 2m thresholds, while
2P1k achieves the highest success rate at a 1m threshold. The
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Fig. 7. Comparison of Robustness and Efficiency under extreme outlier ratios for 200 correspondences.

robustness and efficiency of the algorithms are consistent with
the results from the simulation experiments. In sequence2,
similarly, our MC scheme demonstrates the best performance
at most thresholds, with 2P1k achieving the highest success
rate at a 2m threshold. The performance of ML100 is close to
that of 2P100, and SVD100 performs worse than other meth-
ods. In terms of efficiency, since sequence2 mainly comes from
suburban scenes, resulting in sparse image features, the MC
method has lower time consumption. Overall, MC performs
the best on this dataset, with 2P1k showing robustness close to
MC but with lower efficiency. Meanwhile, 2P100 is an efficient
compromise.

In addition, we calculate the median values of the recall,
precision, and F1-score for inlier estimation. These metrics can
comprehensively and quantitatively evaluate the effectiveness
of the proposed algorithm for outlier rejection in feature
matching. The threshold for determining inliers is set to 8 pix-
els, consistent with OpenCV’s RANSAC library default value.
As shown in Tab. II, it can be observed that MC consistently
achieves the highest recall, precision, and F1-score across
both sequences. In sequence 2, which has a higher outlier
ratio, 2P also outperforms ML100. This result aligns with our
findings from simulation experiments, further demonstrating
the robustness advantage of our proposed method in high
outlier scenarios.

2) Matterport360◦ Dataset: Since autonomous driving
datasets, such as KITTI, typically obtain a 360◦ view using
multiple fisheye or pinhole cameras rather than directly cap-
turing a panoramic image, we select the Matterport360◦ [45]
dataset to verify that the proposed method is also applicable

under panoramic cameras. Matterport360◦ is an extension
of Matterport3D [46] and includes 194,400 RGB-D images
and 10,800 panoramic views from 90 building-scale scenes.
Matterport data is collected using tripod-mounted cameras in
home environments, still satisfying the local planar motion
assumption of the proposed method. Matterport360◦ provides
additional dense, high-resolution 360◦ depth maps on top
of Matterport3D. It offers 9,684 samples from 90 different
buildings. Following the protocol in [45], we use the test
set distributed across 18 buildings and divide it into 7 test
subsets. We use image retrieval technique NetVLAD [44] to
obtain the reference images and perform feature extraction and
matching using the SURF algorithm. The depth information
of the images is provided by Matterport 360◦. We use the
panoramic camera model in Sec. IV-B.3 to lift the projection
of the planar images, obtaining spherical 3D coordinates. Since
the Matterport3D dataset does not provide ground truth camera
poses, we cannot objectively measure the error. Therefore,
we quantitatively estimate the point cloud registration accuracy
between the reference image and the query image to evaluate
the success rate of the estimation.

The success rates of different methods are shown in
the Table. III. Note that in this dataset, the presence of
large areas with low-texture regions, such as walls, and
significant panoramic distortion result in a low number of
feature matches and a high proportion of outliers. In such
extreme high-mismatch rate scenarios, all RANSAC-based
methods perform similarly. Within the RANSAC framework,
our proposed 2P100 performs similarly to ML100, and 2P1k
slightly outperforms both 2P100 and ML100. However, the
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TABLE III
SUCCESS RATE COMPARISON OF MATTERPORT360

proposed optimality-guaranteed MC method achieves sig-
nificantly higher success rates than all RANSAC methods,
even showing a tenfold improvement (see session00). This
demonstrates that in extremely challenging scenarios, our
proposed globally optimal MC is significantly more robust
than RANSAC-based approaches, whereas RANSAC with a
low number of iterations can no longer guarantee a reliable
localization success rate.

3) Newer College Dataset: Newer College [47] is a com-
prehensive multi-camera dataset covering a walking distance
of 4.5 km, collected using a handheld device on the University
of Oxford campus. This device includes multiple fisheye
cameras, LiDAR, and an IMU. The fisheye cameras use the
Kannala-Brandt model in Sec. IV-B.1. Although this dataset
is collected using handheld devices and exhibits significant
shaking, making it difficult to satisfy the local planar motion
assumption, we utilize the IMU data to obtain prior informa-
tion on pitch and roll angles. Therefore, the proposed method
can still be adapted.

The dataset includes three scenes collected at different times
of the year, featuring challenging aspects such as rapid motion,
significant shaking, quick lighting changes, and textureless
surfaces, and is categorized into different difficulty levels.
We select the easy and hard levels of the quad scene and the
medium and hard levels of the math scene for our experiments.
We use COLMAP [48] to build a 3D map from the reference
sequences. We employ NetVLAD [44] for reference image
retrieval to find the reference images most similar to the query
images. Feature extraction is performed using SuperPoint [30],
and feature matching is conducted using the Nearest Neighbor
method. For SuperPoint, we use the official PyTorch imple-
mentation and its provided pre-trained model, with a detection
threshold of 0.015(applied to detector confidence scores) and
an NMS radius of 4 pixels.

In this section, we incorporate EPnP [17] and two SOTA
approaches, EProPnP [20] and oDLT [21]. For a fair com-
parison, we use RANSAC to remove outliers for them. Since
they are only applicable to pinhole cameras, we unproject the
fisheye images using the spherical camera model, and then we
re-project them using the pinhole camera model. Ultimately,
we eliminate the fisheye distortion in the images, but the rec-
tification process typically compresses the edges of the image
towards the center, which results in a reduced visible field of
view. As shown in the Table. IV, the experimental results for
the quad scene indicate that the easy level involves typical
walking speeds, while the hard level includes aggressive
movements, proximity to walls, and rapid lighting changes.
It can be seen that under these slight attacks, our proposed

TABLE IV
SUCCESS RATE COMPARISON OF NEWER COLLEGE

MC solution significantly outperforms other methods. The
robustness of 2P100, 2P1k, and EProPnP is similar, and all
three are significantly better than oDLT. By comparing 2P100
and EPnP, we can see that the advantage of directly using the
fisheye model to obtain an analytical solution is significant.

In the math scene, the medium level involves brisk walking
with occasional changes in direction, while the hard level
includes aggressive movements, fast walking, textureless sur-
faces, rapid device rotations, and shakes up to 5.5 rad/s.
Under such intense attacks, our MC method still demonstrates
superiority. The success rates of 2P100 and 2P1k are close,
noticeably higher than those of SVD100 and ML100. The
results indicate that the robustness of the 2P minimal solution
is also evident in real data, outperforming SVD and ML
methods. Similarly, the 2P and EProPnP each have their
strengths and weaknesses under different thresholds. Even in
scenarios with non-local planar motion, our 2P, as a 4DoF
method, exhibits comparable performance to the advanced
deep learning-based 6DoF method EProPnP. This result indi-
cates that our dimensionality reduction approach is effective
in most cases. oDLT’s robustness is superior to MLPnP but
inferior to our proposed method and EProPnP. Under intense
attacks, the robustness of MC is also extremely significant.

To more comprehensively evaluate the performance of our
method, Tab. V shows the median recall, precision and F1-
score of different algorithms across different scenes in the
Newer College dataset. From Tab. V, we can observe that
our MC method achieves the best F1-score across all scenes,
indicating that MC achieves the best overall performance
balance on the Newer College dataset. Specifically, in quad-
easy and math-medium, MC leads in all metrics compared
to other methods, while 2P performs similarly to state-of-the-
art R+EPro and R+oDLT. However, in the math-hard scene
with less texture information and more complex motion, MC’s
performance advantage becomes more pronounced, while
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TABLE V
OUTLIER REJECTION PERFORMANCE ON NEWER COLLEGE

TABLE VI
CASE STUDY

R+EPro and R+oDLT show significantly reduced capability
in comprehensive inlier identification and outlier filtering
compared to 2P. This aligns with our conclusion that our
proposed MC and 2P-RANSAC methods demonstrate stronger
robustness under high outlier conditions.

As shown in the Table. VI, to further compare the per-
formance of the methods under real-world extreme outliers,
we detail some typical cases. Fig. 8 shows the inlier visualiza-
tion in case1. Consistent with the results from the simulation
experiments, MC achieves the highest precision rate under
extreme outlier rates while maintaining excellent real-time
performance. Additionally, EProPnP, et al. are not designed
for fisheye cameras, so we use rectified images. Consequently,
we have not included visualization of their inliers.

Moreover, as illustrated in Fig. 9, we present an analysis
of several failure cases to reveal when localization becomes
unreliable, so as to avoid erroneously updating the pose and
thus causing potential hazards. However, the experimental
comparison results demonstrate that the proposed method
has already minimized the probability of localization failure
compared to other methods. We observed three typical types

Fig. 8. Visualization of the original feature matching and inlier estimation
results for case 1. The red line indicates outliers, while the green line indicates
inliers.

Fig. 9. The examples of failure cases. The red line indicates outliers, while
the green line indicates inliers.

of failure cases. The first type occurs when the absolute
number of inliers is insufficient to provide the minimum
number required by the algorithm. As shown in Fig. 9(a),
this inevitably leads to localization failure. The second type
arises when the outlier ratio is excessively high, as depicted in
Fig. 9(b). In such scenarios, the largest consensus set formed
by inliers may be smaller than the largest consensus set formed
by outliers. The third type, shown in Fig. 9(c) and Fig. 9(d),
involves the retrieval of an entirely incorrect reference image
during place recognition.

Finally, as shown in the Fig. 10, we plot the localization
trajectory for the math-medium scene. We map the localization
error to a color bar, where the bluer the trajectory points,
the smaller the error. The trajectory points generated by our
proposed MC method are mostly blue, indicating minimal
error. The 2P100 method also shows low errors, with its
trajectory points being close to blue. The overall trajectory of
MC is smoother compared to other methods. Although 2P100
is slightly inferior to MC, its trajectory remains very smooth.
In contrast, the trajectory generated by the ML100 method
displays a variety of colors, indicating larger errors, and is less
smooth than the trajectories of the MC and 2P100 methods.
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Fig. 10. Comparison of localization trajectories and errors among three methods.

These results demonstrate the excellent performance of our
proposed method in real-world scenarios.

C. Application Discussion

The application of visual localization algorithms in
autonomous driving navigation is of significant importance.
In autonomous driving systems, visual localization plays a
critical role in providing real-time position feedback. Any
failure in localization can lead to significant positional devi-
ations, jeopardizing the accuracy of downstream tasks such
as trajectory planning and optimization [4], [49] and motion
planning [50]. Incorrect motion planning can have catastrophic
consequences, such as the vehicle steering into the wrong
lane and causing accidents. Therefore, ensuring a high success
rate for visual localization is paramount for safe driving. Our
proposed method aims to improve the robustness and real-time
performance of localization. In particular, the MC method
further enhances global optimality. Localization systems are
typically divided into two parts: the front end and the back
end. The front end is responsible for feature extraction and
matching, establishing correspondences between the query
image and the map. The back end uses robust estimators to
solve for the camera pose based on these correspondences.
Therefore, the algorithms proposed in this paper are primarily
designed for back-end algorithm development. Regarding the
significance of the proposed method for practical vehicle
applications, the following points should be clarified.

1) Modular Design: The proposed solution is an indepen-
dent pose estimation module that is easy to integrate and
can be compatible with any front-end components. It can
significantly enhance performance in existing visual vehicle
navigation systems.

2) Motion Adaptation: The 4DoF formulation in our meth-
ods aligns well with vehicle motion characteristics. They
provide prior values for the pitch and roll angles without the
need for measurements or calculations from other sensors.

3) Framework Selection: The two proposed robust solv-
ing frameworks exhibit different characteristics in practical
applications. As shown in the experiments, the proposed 2P
RANSAC can achieve robust localization with high efficiency
under an outlier rate below 80%. On the other hand, the pro-
posed deterministic convergence MC framework can achieve
robust estimation at higher outlier rate, including extreme
cases (80-95%). In practical applications, visual odometry
operates at a high frequency, while visual localization is com-

paratively low-frequency. Visual localization is not required
to operate at the same frequency as visual odometry, as its
primary function is to provide periodic corrections to the accu-
mulated drift. In our experiments, the MC method achieves a
localization frequency of approximately 5Hz, which meets the
requirements of typical visual localization applications. When
combined with IMU interpolation, the odometry frequency
generally reaches above 100Hz [51]. Additionally, the MC
algorithm has a significant advantage over RANSAC in terms
of stability, as its solutions are not influenced by random
factors, ensuring deterministic convergence. This stability is
particularly useful for reproducing error scenarios during engi-
neering debugging.

Overall, when the vehicle operates in structured and rela-
tively stable environments, such as urban roads or industrial
logistics settings, 2P RANSAC can meet the needs for effi-
cient and robust localization. In unstructured environments
with long-term changes and poor feature matching condi-
tions, the MC framework can ensure localization success in
real-time estimation scenarios. In practical applications, the
system’s frontend can roughly estimate the outlier rate during
the feature matching process. This allows for selecting the
appropriate framework based on the matching conditions and
localization success rate requirements.

In addition, the MC framework can be used as the initial-
ization algorithm, while 2P RANSAC serves as the online
estimation algorithm in a complete system. The initialization
algorithm has higher requirements for success rates, allowing
some computational time to ensure successful initialization.
In contrast, online estimation demands higher computational
real-time performance.

4) Other Applications: Additionally, besides vehicle appli-
cations, our algorithms can easily extend to robots, drones,
and other applications with the inclusion of an IMU sensor
(as validated in Newer College dataset). This is because the
prior information on pitch and roll angles can be obtained from
inertial measurements. The proposed methods also demon-
strate its robustness in highly variable and complex indoor
environments (as validated in Matterport360 dataset).

VII. CONCLUSION AND FURTHER WORKS

In this paper, addressing the limited field of view in pinhole
cameras, we formulate a general spherical camera model to
accommodate widely used fisheye and 360◦ panoramic cam-
eras and propose two robust localization methods. Utilizing

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

Authorized licensed use limited to: Hangzhou Normal University. Downloaded on May 27,2025 at 07:57:04 UTC from IEEE Xplore.  Restrictions apply. 



LU et al.: ROBUST VEHICLE LOCALIZATION FOR SPHERICAL CAMERA MODELS 15

local planar motion, we introduce the 2P minimal solution
algorithm. To cope with the impact of outliers caused by long-
term changes, based on the 2P algorithm, we propose the
2P RANSAC framework and a graph-based globally optimal
framework to tackle the issue of outlier interference. In sum-
mary, this research introduces and validates two robust visual
localization methods, enhancing probabilistic RANSAC’s out-
lier robustness from 50% to 80%, and demonstrating the strong
robustness and efficiency of the proposed globally optimal
framework MC, and supporting various applications, including
robotics and drones. It significantly advances localization
in complex environments, enriches theoretical research, and
provides valuable practical references.

In future work, we plan to conduct data-driven analysis
of environmental factors. For example, we can utilize deep
learning techniques to detect challenging scenarios based on
image complexity, noise levels, and feature point distribution.
This analysis will allow us to differentiate localization dif-
ficulty before performing visual localization. Based on the
deep learning analysis, the system can dynamically adjust the
localization algorithm, RANSAC or MC.
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