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Abstract

Visual odometry (VO) in Minimally Invasive Surgery (MIS) scenarios plays a crucial
role in current and future endoscopic surgical intervention assistance systems. However,
MIS environments pose severely challenging situations for typical VO algorithms due to
textureless environments, the movement of surgical instruments, different lighting angles,
smoke generated during surgery, and organ deformation. Recent advances in this domain
have increasingly incorporated deep learning-based depth estimation techniques into photo-
metric tracking frameworks, aiming to address the inherent challenges posed by textureless
regions. Yet, photometric tracking remains fragile, particularly in MIS scenes where spec-
ular reflections induce rapid and unpredictable illumination changes. In this paper, we
propose a robust VO method based on feature point matching using M-Estimate Sample
Consensus (MSAC) and Perspective-3-Point (P3P) absolute pose estimation to obtain accu-
rate camera poses. To resolve the scale ambiguity, the scale of the absolute pose estimation
is fixed by constructing a point cloud in the coordinate system of the first image through
triangulating 3D points between keyframes. Evaluated on the SCARED dataset, our ap-
proach demonstrates consistently accurate camera pose estimation, achieving a translation
ATE (RMSE) of 0.2970 cm in the best case. Quantitative results indicate that our method
significantly outperforms established baseline methods in both translation and rotation
metrics, validating its robustness in challenging MIS environments.

Keywords: Visual Odometry, Minimally Invasive Surgery, Feature-based Tracking

1. Introduction

Accurate camera pose estimation is an important component of navigation and guidance in
Minimally Invasive Surgery (MIS). This surgical navigation system, capable of tracking the
laparoscope and displaying the spatial relationship between the laparoscope and surrounding
anatomical structures, can effectively reduce the risk of critical organ damage caused by
excessive contact during surgery while enhancing the surgeon’s spatial awareness. Compared
to marker-based navigation systems, vision-based approaches demonstrate higher efficiency
as they do not interrupt surgical procedures and have the potential to achieve real-time
navigation (Ye et al., 2025; Liu et al., 2022). The objective is to accurately estimate the
6 degrees of freedom (DoF) camera motion from monocular video in MIS scenarios, as
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Figure 1: Illustration of the RVO-MIS framework in an MIS environment. (a) A typical
laparoscopic surgery setup (image adapted from (Wikipedia, 2025)). (b) The visual odome-
try algorithm estimates the 6-DoF camera motion, generating a continuous patient-internal
trajectory. (c) During keyframe updates, new 3D points are triangulated to serve as geomet-
ric anchors. The current frame’s pose is then estimated via P3P and MSAC optimization
based on the resulting 2D-3D correspondences.

illustrated in Figure 1. An accurate camera pose estimation is essential for downstream tasks
such as three-dimensional (3D) reconstruction, Structure-from-Motion (SfM), Augmented
Reality (AR), and Simultaneous Localization and Mapping (SLAM).

Most existing camera pose estimation methods are based on VO or SLAM frame-
works, such as ORB-SLAM2 (Mur-Artal et al., 2015) and ElasticFusion (Whelan et al.,
2016). There are also methods for monocular camera pose estimation, such as DefS-
LAM (Rodŕıguez et al., 2021), which are designed for non-rigid surgical scenes involving
motions and tissue deformation. Building upon these monocular approaches, numerous
deep learning-based monocular depth estimation methods have also emerged (Zhong et al.,
2024; Bhat et al., 2023; Zhang et al., 2025; Yang et al., 2024) in recent years, which es-
timate depth images by inferring from the input RGB images. Depth estimation can be
naturally embedded into traditional SfM and SLAM methods, further addressing the prob-
lem that traditional feature-based methods cannot recognize features in textureless regions.
For example, Endo-Depth-and-Motion (Recasens et al., 2021), EndoSLAM (Ozyoruk et al.,
2020), and LINGMI-MR (Yang et al., 2023) obtain estimated depth images through unsu-
pervised learning methods. These estimated depth images are then used to compute camera
poses via photometric tracking (e.g., based on depth-aware reprojection errors) or PoseNet
architectures (Kendall et al., 2015) trained with depth-guided constraints.

Despite these advances, VO methods relying on estimated depth images inevitably suffer
from errors introduced by depth estimation. Specifically, these methods involve projection-
and reprojection-based photometric tracking using estimated depth images to compute rel-
ative pose (Recasens et al., 2021). Inaccurate depth estimation directly propagates errors
into the camera pose estimation process. Moreover, traditional feature-based methods,
while effective in outdoor and indoor environments, face significant challenges in complex
MIS scenarios. In such settings, factors such as multi-angle lighting-induced reflections, sur-
gical smoke, textureless backgrounds, and the dynamic movement of surgical instruments
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create highly non-static environments, leading to insufficient or mismatched feature points
that make such methods difficult to deploy effectively.

In this work, we propose a VO approach that incorporates deep learning-based methods
for feature point extraction and matching with absolute pose estimation to establish met-
ric scale in camera pose estimation. To reconcile the rigid-body assumption of P3P with
non-rigid MIS deformations, we integrate MSAC to robustly filter out deforming tissues
as outliers, ensuring stable tracking on quasi-rigid background structures. Recent studies
have shown that such deep learning-based feature detection and matching methods demon-
strate improved robustness in camera pose estimation performance compared to traditional
approaches (Mackutė et al., 2024), although challenges remain in highly dynamic MIS envi-
ronments. Our experimental results show that by integrating a deep learning-based feature
detector, our algorithm achieves robust performance on challenging MIS sequences. Fur-
thermore, our method outperforms depth estimation-based deep learning VO approaches
by avoiding the inherent errors introduced by depth estimation. In contrast to the compu-
tationally intensive approaches presented in (Recasens et al., 2021; Ozyoruk et al., 2020;
Yang et al., 2023; Hayoz et al., 2023) that require extensive GPU resources for scene-specific
training of depth estimation networks, our framework employs deep learning only for feature
extraction and matching. By leveraging pre-trained weights with demonstrated generaliza-
tion capabilities (Mackutė et al., 2024), our method achieves robust feature detection and
matching performance without requiring additional scene-specific fine-tuning.

2. Related Work

SLAM Methods: SLAM enables real-time tracking and mapping, a critical capability
for MIS. SAGE (Liu et al., 2022) integrates learned priors with factor graph optimiza-
tion to ensure robust reconstruction in textureless, illumination-varying environments. An-
other framework (Wu et al., 2022) combines medical bag-of-words with Poisson reconstruc-
tion, generating dense, detailed 3D models from sparse outputs. Addressing visual failure,
ArthroSLAM (Marmol et al., 2018) utilizes a dynamically weighted Extended Kalman Fil-
ter (EKF) for continuous multi-sensor localization. Finally, feature-based methods (Deng
et al., 2023) significantly improve tracking performance by combining K-means with Super-
Point (DeTone et al., 2018) for enhanced feature extraction. To address the generalization
gap in deep learning-based SLAM, BodySLAM (Manni et al., 2024) achieves cross-domain
generalization without fine-tuning by combining CycleGAN-based pose estimation with
zero-shot depth prediction. Recently, Endo-2DTAM (Huang et al., 2025) leverages 2D
Gaussian Splatting and surface normal-aware tracking to overcome multi-view inconsisten-
cies, enabling high-fidelity, geometrically accurate reconstruction.
VO Methods: A hybrid approach (Song et al., 2021) integrating deep learning networks
and geometric features was implemented in this scenario. Region classification and a two-
stage pose refinement procedure are the two main components of this novel approach. It
uses a Siamese network architecture (Bromley et al., 1993) and two identical PoseNet mod-
els (Kendall et al., 2015) to assess the similarity between the test image and its collected
region. Pose is obtained via triangulation using region information. This data-efficient ap-
proach outperforms pure deep learning or geometry methods. Furthermore, sensor fusion is
highlighted as a solution to the inherent scale drift and ambiguity of conventional monoc-
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Figure 2: Overview of our proposed VO system: Our algorithm uses SIFT for feature
point extraction and LightGlue for precise feature matching, followed by triangulation to
reconstruct new 3D points; Absolute pose estimation is performed via the P3P algorithm
with MSAC outlier rejection, using established 2D-3D correspondences between keyframe
map points and current frame feature points.

ular VO. In this context, EndoVMFuseNet (Turan et al., 2017) uses a recurrent CNN to
fuse 6DoF visual and 5DoF magnetic data without synchronization. Its energy reduction
method integrates dense photometric alignment with sparse optical flow features. While
sensor fusion enhances data richness, DPVO (Teed et al., 2023) maximizes efficiency by
tracking sparse patches instead of dense flow. It combines a recurrent update operator with
differentiable bundle adjustment, achieving the robustness of dense methods with signifi-
cantly reduced computational and memory costs.
Depth Estimation Methods: (Chen et al., 2019) propose a cGAN-based framework
using a U-Net generator for depth estimation. By enforcing geometric fidelity through
adversarial training and fusing estimates within ElasticFusion (Whelan et al., 2016), it
achieves robust real-time reconstruction. More recently, Yang et al. (Yang et al., 2023)
introduces a geometry-aware framework based on MultiDepth (Watson et al., 2021). By
employing a composite loss function targeting gradient and normal consistency, this ap-
proach significantly enhances geometric fidelity for complex anatomical features, achieving
state-of-the-art performance on the EndoSLAM dataset (Ozyoruk et al., 2020).

3. Method

Overview: The core innovation of our method lies in reconstructing 3D point clouds
through precise, numerous feature point detection and robust deep learning-based match-
ing. We achieve accurate absolute pose estimation by establishing sufficient 2D-3D corre-
spondences between keyframes and current frames, and then minimizing reprojection error
using a robust PnP optimization framework (see Figure 2).
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3.1. Notations

Let Γw,k be a k-th 3D point in the world coordinate, K be the camera calibration matrix,
Ri and Ti be the estimated absolute rotation matrix and translation vector of camera i,
respectively. A 2D feature point γk with depth ρk gives rise to the k-th 3D point in the
camera coordinate Γi,k = ρkγk which relates the 3D point Γw in the world coordinate by

Γi,k = RiΓw,k + Ti. (1)

Denote γim,k as the k-th image point in pixels so that γim,k = Kγk.

3.2. Feature Extraction and Matching

We compared four feature extraction methods, i.e., SIFT (Lowe, 2004), ORB (Rublee et al.,
2011), SURF (Bay et al., 2006) and SuperPoint (DeTone et al., 2018). The results demon-
strate that SIFT extracts a relatively larger number of accurate feature points, providing
abundant candidates for subsequent feature matching. During the matching phase, we ini-
tially employed the VLfeat (Vedaldi and Fulkerson, 2010) library for SIFT points matching.
The matching algorithm (Lowe, 2004) in the VLfeat library implements a combination of
Lowe’s ratio test and bidirectional matching. For each SIFT point in the first image, it
calculates the 128-dimensional Euclidean distance to all feature points in the second image,
identifying both the nearest and second-nearest neighbors. Matches are retained only when
the nearest neighbor distance is smaller than the second-nearest neighbor distance divided
by a predefined threshold. However, in this specific scenario, we observed that a signifi-
cant proportion of SIFT points exhibited ambiguous matching characteristics, resulting in
suboptimal performance of conventional descriptor-based matching methods. To address
the limitations of conventional descriptor-based matching in this challenging scenario, we
adopted LightGlue (Lindenberger et al., 2023), a state-of-the-art deep learning-based fea-
ture matcher. LightGlue is a feature matching framework that builds on SuperGlue (Sarlin
et al., 2020). LightGlue leverages a graph neural network (GNN) to jointly reason about
feature correspondences, incorporating both local appearance and geometric consistency.
Compared to conventional feature-based VO methods that often fail in this challenging
scenario, our approach demonstrates significantly improved robustness by incorporating
advanced deep learning-based feature matching techniques.

3.3. Triangulate 3D Points

To obtain metrically-scaled continuous camera poses through absolute pose estimation, our
method establishes a fixed scale reference by reconstructing 3D points from the first two
frames. We estimate the relative pose between frame 1 and 2 using their 2D-2D corre-
spondences, then reconstruct 3D points from 2D-2D correspondences that satisfy epipolar
constraints. A 2D-2D correspondence is treated as inliers when their distance to the cor-
responding epipolar line is below 2 pixels. This reconstructed 3D point cloud is explicitly
defined in frame 1’s coordinate system, ensuring that all subsequent absolute pose estima-
tions are inherently referenced to this initial frame.
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3.4. Absolute Pose Estimation

Upon reconstructing 3D points from inlier 2D feature matches, we identify which 2D fea-
tures in the keyframe have valid 3D correspondences. By matching 2D features between
the current frame and the keyframe, we determine which observed points in the current
frame correspond to these reconstructed 3D points (referred to as co-visible 3D points). To
ensure robustness, we employ the MSAC to obtain the optimal absolute pose estimation.
Subsequently, we refine the absolute pose estimation through energy minimization.

3.5. Energy Function

To refine the estimated absolute pose of camera i, an energy function E(Ri, Ti) defined as
a function of the absolute rotation Ri and absolute translation Ti which minimizes sum of
squared reprojection errors is adopted, i.e.,

E(Ri, Ti) =
N∑
k=1

∣∣∣∣∣∣∣∣γim,k −
K(RiΓw,k + Ti)

eT3 K(RiΓw,k + Ti)

∣∣∣∣∣∣∣∣ , (2)

so that the refined absolute pose (R∗
i , T ∗

i ) is

(R∗
i , T ∗

i ) = argmin
Ri,Ti

E(Ri, Ti). (3)

Minimizing E(Ri, Ti) with respect to (Ri, Ti) is done by the Levenburg-Marquardt algo-
rithm. Note that the rotation matrix Ri is parameterized by the three Euler angles, and
thus there are six unknowns in total, i.e., three for rotation and three for translation.

3.6. Keyframe Update

Our keyframe update strategy triggers under two conditions: (i) when fewer than 55% of
the current frame’s co-visible 3D landmarks originate from the active keyframe, or (ii) when
exceeding 15 frames since the last keyframe insertion.

3.7. Triangulate Newly Observed Point Features

Triangulating 2D point feature correspondences from two views requires the relative rotation
and translation of the two cameras. This can be achieved by coordinate transformation
of the current camera pose and the keyframe camera pose. Specifically, let (Rc, Tc) and
(Rk, Tk) be the absolute poses of the current frame and the keyframe, respectively; the goal
is to find the relative pose (Rkc, Tkc) so that a point Γc under the current camera coordinate
is transformed to a point Γk under the keyframe camera coordinate by Γk = RkcΓc + Tkc.
From Equation 1, we have {

Γc = RcΓw + Tc
Γk = RkΓw + Tk,

(4)

where for simplicity we omit the index for the point. Now, Γw can be isolated in the first
vector equation of Equation 4 as

Γw = RT
c (Γc − Tc) , (5)
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which can be plugged to the second vector equation of Equation 4, giving

Γk = RkRT
c (Γc − Tc) + Tk

= RkRT
c Γc + Tk −RkRT

c Tc.
(6)

Thus, the relative pose (Rkc, Tkc) is{
Rkc = RkRT

c

Tkc = Tk −RkRT
c Tc.

(7)

The relative pose (Rkc, Tkc) provides epipolar constraint across the two frames as the
essential matrix Ekc = [Tkc]×Rkc can be easily found. This constraint is adopted to pick 2D-
2D unconstructed point pairs that satisfy epipolar geometry from thresholding the Sampson
error, i.e., point-to-epipolar-line distance. These points are triangulated to form a group of
new 3D points and are transformed to the world coordinate in order to keep the entire cloud
of 3D points in the same coordinate system. This ensures continuous map expansion while
maintaining metric scale consistency through geometric verification. The overall iterative
procedure is summarized in Algorithm 1 in the appendix.

4. Experiments

Dataset: We evaluated our method on multiple sequences of the stereo correspondence and
reconstruction of endoscopic data (SCARED) (Allan et al., 2021) dataset, including chal-
lenging scenarios with surgical instruments, smoke and reflections. The SCARED dataset
consists of 9 in vivo porcine subjects, with 4 endoscopic video sequences captured for each
subject using a da Vinci Xi surgical robotic system. All sequences feature rigid scenes
without respiratory motion, providing stereo video streams synchronized with precise cam-
era kinematic data. For experimental validation, we conducted comprehensive evaluations
across multiple sequences.
Evaluation Metrics: We quantitatively and qualitatively evaluated our experimental
results using evo (Grupp, 2017), a Python package for odometry and SLAM assessment.
We adopt standard evaluation metrics for monocular visual odometry, including Absolute
Trajectory Error (ATE) computed as the root-mean-square error (RMSE) between predicted
trajectories and ground-truth trajectories with global alignment.

Following the existing evaluation method (Sturm et al., 2012), the estimated trajectory
and the ground-truth trajectory are aligned using Horn’s method, i.e., a transformation
containing a rotation matrix, a translation vector, and a scale so that the geometry of the
estimated trajectory P1:n can be as close to the ground-truth trajectory Q1:n as possible.
This alignment is represented by a 4×4 matrix S. We also enforce the estimated trajectories
to align to the origin, so that the first frame is identical.

Absolute trajectory error (ATE) at each timestep i is adopted as the evaluation metric
which is defined as

Fi := Q−1
i SPi, (8)

which is a 4×4 matrix describing how “far apart” the estimation at timestamp i is from the
ground-truth. To examine the performance on the rotation and the translation estimations,
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Figure 3: Trajectories comparison for the representative sequences in the SCARED dataset.
Our proposed method (blue line) closely tracks the Ground Truth (black dashed line),
outperforming established baselines (colored lines).

the rotation and translation parts of Fi are isolated as Fi,rot and Fi,trans, respectively, and
are represented by a single number as{

ATE(R) = 2 (3− trace(Fi,rot))

ATE(T ) = ∥Fi,trans∥ ,
(9)

where ATE(R) describes the Frobenius norm of the rotation error, i.e., ∥Qi,rot−Pi,rot∥2F =
2 (3− trace(Fi,rot)).

To aggregate errors across the entire trajectory, we define the root-mean-square error
(RMSE) of translational components:

RMSE(F1:n) :=

(
1

n

n∑
i=1

∥(Fi,trans)∥2
)1/2

. (10)

Results: A qualitative assessment of the trajectories is presented in Figure 3. Quanti-
tative results are summarized in Table 1, while Figure 4 visualizes the ATE. To further
analyze the error distribution, Figure 5 presents the Cumulative Distribution Function
(CDF) of the translation ATE, demonstrating the superior accuracy of our method across
most frames. Table 1 presents the RMSE ATE of translation and ATE of rotation for our
method compared to state-of-the-art approaches across four representative sequences. For
the quantitative metrics in Table 1 and the ATE visualization (Figure 4), we applied global
alignment to adhere to standard error assessment protocols. In contrast, for the trajectory
comparison against baseline methods (Figure 3), we utilized origin alignment. This strategy
fixes a common starting pose for all methods, thereby intuitively demonstrating the reduced
cumulative drift of RVO-MIS compared to the baselines.

For evaluation, we selected several state-of-the-art techniques for comparison. We com-
pare our approach with SLAM methods (Mur-Artal et al., 2015; Rodŕıguez et al., 2021;
Manni et al., 2024; Huang et al., 2025), VO methods (Teed et al., 2023) and deep learning
based methods (Recasens et al., 2021). As demonstrated in Table 1 and Figure 3, our
proposed method achieves superior performance both quantitatively and qualitatively and
outperform SLAM, VO and deep learning method rely on estimated depth. The numerical
results in Table 1 reveal that our approach consistently outperforms baseline methods across
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Method
Sequence 1 Sequence 2 Sequence 3 Sequence 4

ATE (T ) ATE (R) ATE (T ) ATE (R) ATE (T ) ATE (R) ATE (T ) ATE (R)
SLAM

ORB-SLAM2 (M) (Mur-Artal et al., 2015) 0.5068 3.0534 0.9912 3.0798 9.6247 2.8640 4.4825 3.0183
ORB-SLAM2 (S) (Mur-Artal et al., 2015) 1.3091 0.3511 1.3623 3.0303 9.7053 3.0089 4.3626 2.9151
SD-DefSLAM (M) (Rodŕıguez et al., 2021) 1.0036 0.3247 1.7788 2.0058 6.2579 0.3455 3.5653 0.1761

BodySLAM (M) (Manni et al., 2024) 0.4504 0.1991 0.4447 0.1851 - - 8.2481 0.7986
Endo-2DTAM (M) (Huang et al., 2025) 2.3290 2.2410 2.3187 1.1858 6.3792 1.9767 5.1394 2.3166

VO
DPVO (M) (Teed et al., 2023) 0.3326 0.2466 0.3902 0.1763 2.8271 0.4607 0.9269 0.4405

Deep Learning
EndoDepth (M) (Recasens et al., 2021) 1.1748 0.3688 1.4863 1.7176 9.2599 0.8804 4.2948 0.3484

Proposed
RVO-MIS (M) 0.2970 0.0523 0.3574 0.1302 4.0381 0.1261 0.6822 0.0548

Table 1: Quantitative comparison of ATE (RMSE) on four representative sequences from
the SCARED dataset. Translation errors (T ) are reported in centimeters (cm), and
rotation errors (R) are reported in degrees (◦). Due to the inherent scale ambiguity
of monocular methods, all estimated trajectories are aligned to the ground truth using Sim3
transformation (optimizing scale, rotation, and translation). Bold numbers indicate the best
results, and underlined numbers indicate the second-best performances. (“M”: Monocular,
“S”: Stereo; “-”: Tracking Failure)

Sequence 1 Sequence 2 Sequence 3 Sequence 4
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Figure 4: Visualization of ATE (top row: translation, bottom row: rotation).

key metrics—achieving the lowest ATE (T and R) in 3 sequences. Notably, our algorithm
maintains smooth and stable trajectories across all sequences. This consistent robustness
highlights the effectiveness of the RVO-MIS framework for MIS navigation, particularly in
dynamic environments where stable tracking is critical.
Run Time: The proposed method was implemented in Python to avoid cross-language
interoperability overhead and leverage parallel computing capabilities. Experiments were
performed on a high-performance server with dual AMD EPYC 9354 32-Core Processors
(using 4 CPU cores for this study) and a single NVIDIA RTX A6000 GPU (48GB VRAM).
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Sequence 1 Sequence 2 Sequence 3 Sequence 4

Figure 5: CDF of the translation ATE across representative sequences. The curves illustrate
the cumulative distribution of per-frame errors. In Sequences 1, 2, and 4, our method (RVO-
MIS, blue line) demonstrates superior accuracy. In Sequence 3, while DPVO achieves lower
overall errors, our method maintains a consistent error distribution for the majority of
frames, highlighting the varying challenges posed by different surgical scenes.

The system processed a total of 197 frames, with the cumulative runtime distribution domi-
nated by feature matching and pose estimation. Specifically, feature matching accounted for
181.06s (≈ 0.92s per frame), while essential matrix estimation and PnP pose recovery ac-
counted for 73.15s (≈ 0.37s per frame). In contrast, triangulation and Levenberg-Marquardt
(LM) optimization remained computationally efficient, requiring only 0.54s and 0.69s in to-
tal, respectively. This distribution indicates that while the transition to a pure Python
environment with multi-CPU acceleration has streamlined the pipeline, feature matching
remains the primary bottleneck, prompting further research into lightweight feature match-
ers and optimization techniques to drastically reduce latency without compromising the
system’s robust accuracy.

5. Conclusions

Our method addresses the challenges of MIS environments by integrating deep learning-
based feature extraction with MSAC and PnP pose estimation. This robust combination
achieves state-of-the-art performance on the SCARED (Allan et al., 2021) dataset, out-
performing both conventional SLAM frameworks and depth-estimation baselines. Notably,
it delivers superior accuracy and requires significantly fewer computational resources than
pure deep learning models, offering a precise and efficient solution for next-generation sur-
gical navigation.

6. Future Works

Noting that DPVO (Teed et al., 2023) achieved the lowest quantitative ATE (T ) in Sequence
3, we plan to investigate the underlying causes in future work. To further refine our system,
we propose three key improvements: implementing three-view feature matching for scale-
aware estimation to mitigate cumulative errors; integrating advanced matchers such as
LoFTR (Sun et al., 2021) to enhance PnP precision in MIS scenarios; and incorporating
bundle adjustment optimization (Saha et al., 2025) to improve pose accuracy in challenging
conditions.
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RVO-MIS

Algorithm 1: RVO-MIS Pipeline

Input: Sequence of video frames I0, . . . , IN , Camera Intrinsic Matrix K
Output: Camera Trajectory {(Ri, Ti)}, 3D MapM
// Initialization Phase

1 Extract SIFT features for I0 and I1
2 Match features using LightGlue
3 Estimate relative pose and triangulate initial 3D points to form mapM
4 Set Keyframe Ikf ← I1
// Tracking Phase

5 for i← 2 to N do
6 Extract SIFT features for current frame Ii
7 Match features between Ii and Ikf using LightGlue
8 Identify 2D-3D correspondences (co-visible points) based onM

// Absolute Pose Estimation

9 Estimate initial pose (Ri, Ti) using MSAC on 2D-3D pairs
10 Refine (Ri, Ti) by minimizing the energy Function E(Ri, Ti) (Eq. 2) using

Levenberg-Marquardt
// Map Management

11 Ncov ← ratio of co-visible 3D landmarks
12 Ngap ← frame distance from Ikf
13 if Ncov < 0.55 or Ngap > 15 then
14 Calculate relative pose (Rkc, Tkc) using current and keyframe absolute poses

(Eq. 7)
15 Triangulate new 2D matches satisfying epipolar constraints
16 Transform new points to world coordinates and add toM
17 Update Keyframe Ikf ← Ii
18 end

19 end
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