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Abstract
Visual odometry estimates the pose of mobile robots by analyzing image stream
information acquired from cameras. To provide an in-depth analysis of the
current development status of visual odometry algorithms, this paper surveys
the related technologies and latest research achievements of visual odometry,
drawing upon several advanced visual odometry systems. First, it briefly in-
troduces the concept and development history of visual odometry, and presents
the mathematical description and classification methods for the visual odometry
problem. Then, it elaborates in detail on the key technologies of visual odome-
try, including feature modules, inter-frame pose estimation, and drift reduction.
Furthermore, it introduces the development trends of deep learning-based visual
odometry. Finally, it summarizes the existing problems in visual odometry and
provides an outlook on future development trends.
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Abstract: Visual odometry (VO) estimates the pose of a mobile robot by
analyzing the image flow captured by onboard cameras. To provide a compre-
hensive analysis of the current state of VO algorithm development, this paper
reviews relevant technologies and the latest research findings in conjunction
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with several advanced VO systems. First, we introduce the concept and evolu-
tion of VO, along with the mathematical formulation and classification of VO
problems. We then examine key VO technologies in detail, including feature
modules, inter-frame pose estimation, and drift reduction. Additionally, we
discuss recent developments in deep learning-based VO. Finally, we summarize
existing challenges in VO and outline future research trends.

Keywords: machine vision; visual odometry; pose estimation; vision-based
navigation; mobile robots; deep learning

0 Introduction
In mobile robot systems, accurate self-localization is essential for target detec-
tion and positioning. Traditional pose estimation methods include GPS, IMU,
wheel odometry, and sonar-based localization. In recent years, camera systems
have become more affordable while offering higher resolution and frame rates,
and computer performance has improved significantly, enabling real-time image
processing. This has given rise to a new pose estimation approach called vi-
sual odometry (VO). VO estimates the pose of an intelligent agent using image
streams from single or multiple cameras. It offers low cost, operates in GPS-
denied environments such as underwater and aerial scenarios, exhibits less drift
than wheel odometry and low-precision IMU, and produces data that can be eas-
ily integrated with other vision-based algorithms without requiring inter-sensor
calibration.

The concept of estimating camera ego-motion from consecutive image sequences
was first proposed by Moravec et al. [2], who used a sliding camera to acquire
visual information and completed indoor robot navigation. In 1987, Matthies et
al. [3] established a theoretical framework encompassing feature extraction, fea-
ture matching and tracking, and motion estimation—a framework that remains
the foundation for most VO systems today. The majority of early VO systems
were applied to planetary exploration [2,4], most notably NASA’s Mars ex-
ploration program, where VO measured six-degree-of-freedom parameters when
wheel odometry failed. The term “visual odometry”was coined by Nister et
al. [5] in 2004, who designed a real-time VO system that achieved true outdoor
robot navigation and proposed two implementation approaches: monocular and
stereo vision, laying new groundwork for subsequent VO research.

A closely related field is visual simultaneous localization and mapping (V-SLAM)
[6-8]. V-SLAM performs self-localization in unknown environments while recon-
structing 3D structures in real-time, aiming for globally consistent trajectory
estimation. This requires the robot to recognize previously visited locations
through loop closure detection. In contrast, VO incrementally reconstructs lo-
cal paths, focusing only on local trajectory consistency. From the perspectives
of real-time performance and environmental adaptability, VO—which specializes
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in local motion estimation—offers greater practical value and is more suitable
for mobile robots operating over large distances.

Several review papers on VO have been published previously [1,9-11], particu-
larly the two articles by Scaramuzza et al. [1,11] that systematically covered
VO development prior to 2012. However, VO technology has advanced signifi-
cantly in recent years, with numerous high-performance VO systems emerging,
rendering these earlier surveys outdated. This review emphasizes integration
with state-of-the-art VO systems. We begin with an overview of VO, including
its mathematical formulation and classification. We then focus on key technolo-
gies: feature modules, inter-frame pose estimation, and drift reduction. For
the emerging deep learning-based VO, we summarize its development and an-
alyze its strengths and weaknesses. Recognizing the importance of algorithm
evaluation for VO advancement, we also introduce three commonly used public
datasets. Finally, we summarize current challenges and future trends.

1 Overview of Visual Odometry
1.1 Mathematical Formulation of Visual Odometry

The camera model is a function that projects the 3D world onto a 2D image
plane. Numerous camera models exist, including perspective projection, omnidi-
rectional, and spherical models, with the perspective projection model being the
most fundamental and widely used. In perspective projection, distant objects
appear smaller than nearby ones—a property consistent with human vision and
most cameras. The geometric relationship of perspective projection is shown in
[Figure 1: see original paper].

In the figure, point 𝐶 is the camera optical center. The coordinate system
formed by point 𝐶 and the 𝑥, 𝑦, 𝑧 axes is called the camera coordinate system.
The 𝑥 and 𝑦 axes are parallel to the image 𝑢 and 𝑣 axes, while the 𝑧 axis is the
optical axis, perpendicular to the image plane. The intersection of the optical
axis with the image plane is the origin of the image coordinate system. Point 𝑃
represents a point in the 3D world, and point 𝑝 is its projection onto the image
plane.

The perspective projection equation from 3D world to 2D image plane can be
expressed as:
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is the camera intrinsic parameter matrix. Here,
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𝑓𝑢 and 𝑓𝑣 are the focal lengths in the 𝑢 and 𝑣 directions, and 𝑢𝑐, 𝑣𝑐 are the
principal point coordinates. These parameters depend only on the camera’s
internal structure and are therefore called intrinsic parameters.

Assume an intelligent agent moves in an environment with a camera rigidly
mounted (no relative motion between camera and agent). The camera captures
images at discrete time instants 𝑘 = 0, 1, ..., 𝑛. The image sequence can be
represented as ℐ = {𝐼0, 𝐼1, ..., 𝐼𝑛}. The coordinate transformation from time
𝑘 − 1 to 𝑘 can be expressed as:

𝑇𝑘,𝑘−1 = [𝑅𝑘,𝑘−1 𝑡𝑘,𝑘−1
0 1 ]

where 𝑅𝑘,𝑘−1 ∈ 𝑆𝑂(3) is the rotation matrix and 𝑡𝑘,𝑘−1 ∈ ℝ3×1 is the translation
vector. The homogeneous coordinates of point 𝑃 in the camera coordinate
system at time 𝑘 are 𝑃𝑘 = [𝑋𝑘, 𝑌𝑘, 𝑍𝑘, 1]𝑇 . Since the camera is moving, 𝑃𝑘 in
the current frame should be obtained by transforming its coordinates from the
previous frame according to the camera pose:

𝑃𝑘 = 𝑇𝑘,𝑘−1𝑃𝑘−1

Both sides of this equation are homogeneous coordinates, which remain equiv-
alent when multiplied by any non-zero constant. Therefore, we can drop the
homogeneous coordinate, yielding:
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𝑇𝑘,𝑘−1 is also called the camera extrinsic parameter matrix, which is the target
to be estimated in VO. Its calculation methods will be discussed later.

For brevity, we denote 𝑇𝑘,𝑘−1 as 𝑇𝑘. Assume the set 𝒯0∶𝑛 = {𝑇1, 𝑇2, ..., 𝑇𝑛}
contains all relative motions between consecutive frames, and the set 𝒞0∶𝑛 =
{𝐶0, 𝐶1, ..., 𝐶𝑛} contains all poses relative to the initial coordinate frame at
time 0. The current pose 𝐶𝑘 can be computed from the initial pose 𝐶0 and the
relative motions as:

𝐶𝑘 = 𝐶0
𝑘

∏
𝑖=1

𝑇𝑖

The primary task of VO is to compute the relative motion 𝑇𝑘 from images 𝐼𝑘−1
and 𝐼𝑘, thereby recovering the complete camera trajectory 𝒞0∶𝑛.
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1.2 Classification of Visual Odometry

Clarifying VO classifications helps understand the field macroscopically. VO can
be categorized from different perspectives: by camera type (monocular, stereo,
RGB-D), by image information usage (feature-based vs. direct methods), and by
drift reduction approach (filter-based vs. nonlinear optimization). lists common
VO systems and their classifications.

** Common VO Systems and Their Classifications**

System Camera Type Image Information Drift Reduction
SVO[12] Monocular Direct method Nonlinear

optimization
PTAM[13] Monocular Feature-based Nonlinear

optimization
ORB-
SLAM2[14,15]

Monocular,
Stereo, RGB-D

Feature-based Nonlinear
optimization

VISO2[16] Monocular,
Stereo

Feature-based Nonlinear
optimization

LSD-
SLAM[17]

Monocular Direct method Nonlinear
optimization

TLBBA[18] Stereo Feature-based Nonlinear
optimization

MonoSLAM[19]Monocular Feature-based Filter-based
DEMO[20] RGB-D Feature-based Nonlinear

optimization
RTAB-
MAP[21]

Stereo, RGB-D Feature-based Nonlinear
optimization

1.2.1 Monocular, Stereo, and RGB-D Monocular VO systems use a
single camera. Their advantages include simple sensors, low cost, and strong
environmental adaptability. However, the primary limitation is the inability
to determine absolute depth, resulting in scale-ambiguous motion trajectories.
This requires known distances between two points in space or integration with
other sensors like LiDAR or IMU. Additionally, monocular depth estimation
relies on triangulation across consecutive frames, and pure rotational camera
motion cannot be handled. These constraints limit monocular VO applications.

Stereo VO systems use binocular or multi-camera configurations. Stereo vision
obtains depth information through a fixed baseline, avoiding monocular scale
ambiguity and enabling triangulation within a single frame. However, stereo
cameras are more expensive and require complex calibration. Depth measure-
ment demands stereo matching, which is computationally intensive. Moreover,
the measurement range is limited by the baseline length; when measuring depths
far exceeding the baseline, stereo vision degenerates to monocular vision. Cur-
rently, monocular and stereo approaches are in balanced development.
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RGB-D cameras, emerging around 2010, simultaneously capture color and
depth information. Compared to stereo vision, RGB-D cameras save substantial
computation time for depth estimation. However, most RGB-D cameras suffer
from limited measurement range and sunlight sensitivity, making them primarily
suitable for indoor environments. Despite their recent introduction, RGB-D
cameras have developed rapidly, with many excellent VO solutions [20,21] based
on them.

1.2.2 Feature-Based and Direct Methods VO follows the theoretical
framework of feature modules, inter-frame pose estimation, and drift reduction,
as illustrated in [Figure 2: see original paper].

[Figure 2: see original paper] VO Implementation Flowchart

The feature module includes feature detection and matching. For each new
image frame, the algorithm first detects salient, repeatable image features for
pose estimation, then performs feature matching between current and previ-
ous frames. Feature matching aims to find feature point correspondences—2D
points that are projections of the same 3D point in two frames. Inter-frame
pose estimation includes outlier rejection and motion estimation. The resulting
feature correspondences typically contain outliers that violate the mathemati-
cal model, which must be excluded as they severely impact motion estimation.
Subsequently, the relative camera motion between current and previous frames
is computed from the remaining feature pairs. Outlier rejection and motion
estimation are usually iterative processes. Since inevitable error accumulation
occurs in two-frame pose estimation, drift reduction methods are employed to
obtain more accurate camera poses, primarily through filter-based or nonlinear
optimization approaches.

Feature-based methods extract salient features from dense image data for
computation. Feature-based VO systems operate stably with low computational
cost and are robust to illumination changes and image noise. Their disadvantage
is poor performance in feature-scarce scenes, such as low-texture images.

Direct methods utilize intensity information from all pixels in an image or sub-
region to compute camera motion. Direct VO does not require feature points,
only pixel gradients. It fully exploits image information, facilitating dense map
construction and other vision applications. However, direct methods are com-
putationally intensive, unsuitable for large motions, and require the brightness
constancy assumption, which can be violated by illumination changes. Based
on pixel usage, direct methods can be sparse, semi-dense, or dense. Although re-
cent direct VO systems like SVO[12] and LSD-SLAM[17] have emerged, mature
solutions remain limited, and feature-based methods still dominate mainstream
VO.
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2 Key Technologies
2.1 Feature Module

The feature module forms the foundation for subsequent pose estimation. We
discuss feature detection and matching separately.

2.1.1 Feature Detection Classic feature detection algorithms include
Moravec, Forstner, Harris, Shi-Tomasi, SUSAN, FAST, SIFT, SURF, MSER,
and Censure. Among these, Harris[22] and SIFT[23] are most widely used.
Harris corners exhibit strong stability against noise and rotation, providing
rich information and serving as a common feature detector in vision-based
pose estimation systems [5,20]. However, Harris corners are sensitive to scale
and affine transformations. Parra et al.[24] demonstrated that Harris corners
produce false matches when scenes contain repetitive textures, suggesting SIFT
features are more suitable for VO. SIFT exhibits rotation and scale invariance,
along with robustness to illumination, viewpoint changes, and noise, leading
many VO systems to adopt SIFT features [24,25]. SIFT’s main drawback
is low computational efficiency. To meet real-time requirements, TLBBA[18]
simplified SIFT for VO conditions and achieved 40 Hz feature tracking by
leveraging GPU acceleration.

Recent years have seen numerous new algorithms building upon classic feature
detection. In 2011, Rublee et al. proposed ORB[26] based on FAST and BRIEF,
offering good rotation and scale invariance at 30-50× the speed of SIFT. ORB
has been successfully applied in the renowned ORB-SLAM[14,15], demonstrat-
ing its excellence in balancing accuracy and efficiency. Also in 2011, Leutenegger
et al. introduced BRISK[27], which uses an adaptive generic accelerated seg-
ment test, achieving faster feature detection than ORB. In 2012, Alcantarilla
et al. proposed KAZE[28] based on nonlinear scale space theory, offering better
scale and rotation invariance than SIFT. They later released A-KAZE[29] in
2013, which significantly improved computational speed.

2.1.2 Feature Matching After feature detection, each feature point and
its neighborhood must be converted into a compact descriptor for matching.
Classic feature descriptors include SIFT[23] and its derivative SURF[30]. SIFT
has proven highly stable against illumination, rotation, scale, and viewpoint
changes up to 60°. SURF approximates the difference-of-Gaussian filter with
box filters for higher computational efficiency. Other SIFT-derived descriptors
include PCA-SIFT[31] and DAISY[32], which primarily address SIFT’s efficiency
limitations.

Since 2010, binary string descriptors have emerged, including BRIEF[33],
ORB[26], BRISK[27], FREAK[34], and NESTED[35], generally offering higher
efficiency than floating-point descriptors. Hartmann et al.[36] compared SIFT,
SURF, BRIEF, ORB, BRISK, and FREAK, finding SIFT still achieved the
highest accuracy, while BRIEF was optimal when computational efficiency was
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paramount. Khan et al.[37] evaluated popular feature descriptors across eight
image datasets, with SIFT showing the best overall performance. Among binary
descriptors, NESTED achieved the best results. Notably, their comparison
results varied across datasets, indicating that feature algorithm performance is
scene-dependent.

Feature matching aims to find corresponding feature pairs between two sets
based on similarity metrics such as Euclidean distance (for floating-point de-
scriptors) or Hamming distance (for binary descriptors). A critical issue is the
matching search algorithm. The most common approach is Approximate Near-
est Neighbor (ANN) search, which trades small accuracy losses for significant
speed improvements. In 1997, Beis et al. proposed the BBF algorithm[38] based
on approximate Kd-trees, which finds nearest neighbors with 95% probability
while achieving 1000× speedup, making it widely adopted [23,24]. Other ANN
algorithms include Spill-tree[39], hierarchical K-means trees[40], and random kd-
trees[41]. Additionally, ORB-SLAM[14,15] employs a bag-of-words model[42],
while LSD-SLAM[17] uses the FAB-MAP method[43] for efficient matching.
Search speed can be further accelerated by adding constraints such as motion
model constraints[16,44], 3D feature point position constraints[45], and epipolar
constraints[24].

2.2 Inter-Frame Pose Estimation

2.2.1 Outlier Rejection Outliers primarily arise from two sources: (a) mis-
matches due to image noise, illumination changes, viewpoint variations, and in-
herent limitations of matching algorithms; and (b) moving objects in the scene.
These outliers significantly impact motion estimation and must be removed for
accurate results.

A classic and effective outlier rejection method is the Random Sample Consensus
(RANSAC) algorithm[46], which iteratively extracts optimal subsets from data
containing numerous outliers. RANSAC randomly samples a minimal subset to
compute model parameters, then validates other data points against this model.
After multiple iterations, the model parameters achieving highest consensus are
selected as the solution, with inconsistent points classified as outliers. The
subset size is typically the minimum required to solve the model (e.g., 3 for
stereo vision). The key parameter is the number of iterations 𝑀 , estimated by:

𝑀 = log(1 − 𝑝)
log[1 − (1 − 𝜀)𝑠]

where 𝑠 is the subset size, 𝜀 is the outlier probability, and 𝑝 is the desired
probability of obtaining a reasonable result. [Figure 3: see original paper] shows
an example of RANSAC-based outlier rejection (red“+”marks removed points,
green “+”marks retained points).

RANSAC is a non-deterministic algorithm—results may vary between runs.
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More iterations increase the probability of success. RANSAC has become a
universal outlier rejection method in VO systems [44,47]. Recent improvements
include MLESAC[48], which evaluates hypothesis similarity using a mixture
model of errors rather than counting inliers, and PROSAC[49], which guides
sampling when prior information about outlier likelihood is available. Rusu et
al.[50] propose sampling based on most similar feature histograms. Raguram
et al.[51] comprehensively analyzed RANSAC variants, proposing an adaptive
real-time RANSAC algorithm (ARRSAC).

Beyond RANSAC derivatives, alternative outlier rejection methods exist.
VISO2-S[16] uses triangulation voting. Some works [5,52] employ bucketing
to distribute features uniformly across the image, improving VO accuracy.
However, VO research on outliers from moving objects is limited—systems
like PTAM[13], ORB-SLAM[14,15], and LSD-SLAM[17] assume static scenes,
making them unsuitable for highly dynamic environments. To address this,
Zhejiang University’s RDSLAM[53] detects scene changes online and identifies
altered 3D points. Other approaches [54,55] detect only ground points. Ci et
al.[56] propose a spatial position constraint method based on vehicle motion
smoothness. However, these methods cannot handle scenes with short-term
major changes, leaving significant room for improvement.

2.2.2 Motion Estimation Motion estimation is the core computational step
in VO. Specifically, it computes the transformation matrix 𝑇𝑘,𝑘−1 between cur-
rent image 𝐼𝑘 and previous frame 𝐼𝑘−1. Concatenating these single-step motions
recovers the complete camera and agent trajectory. Given corresponding feature
points between frames 𝑘 − 1 and 𝑘, three methods exist for computing 𝑇𝑘,𝑘−1
based on point dimensionality: 3D-3D, 3D-2D, and 2D-2D.

3D-3D solves motion from 3D point pairs, typically used in stereo vision. It
estimates 𝑇𝑘,𝑘−1 by minimizing Euclidean distances between 3D point pairs:

𝑇𝑘,𝑘−1 = argmin
𝑇

∑
𝑖

‖𝑄𝑖
𝑘 − 𝑇 𝑄𝑖

𝑘−1‖2

where 𝑄𝑖
𝑘−1 and 𝑄𝑖

𝑘 are 3D affine coordinates of feature points in frames 𝑘 − 1
and 𝑘. At least three non-collinear 3D point pairs are required. While more
pairs increase computation, they improve accuracy, so typically far more than
three pairs are used. Solution methods include singular value decomposition[57],
quaternion-based methods[58], and Iterative Closest Point (ICP)[4].

3D-2D solves motion from 3D space points and 2D image points, applicable to
both monocular and stereo vision. It minimizes 2D reprojection error:

𝑇𝑘,𝑘−1 = argmin
𝑇

∑
𝑖

‖𝑞𝑖
𝑘 − 𝜋(𝑇 𝑄𝑖

𝑘−1)‖2
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where 𝜋(⋅) is the projection function onto image 𝐼𝑘 after motion transformation
𝑇 . 3D-2D is also called Perspective-n-Point (PnP) and is currently the most
commonly used method. Moreno-Noguer et al.[59] surveyed PnP solutions. The
minimal case, P3P, requires at least 3 point pairs, with over 10 solution methods
developed[60]. For outlier-contaminated cases, P3P with robust estimators like
RANSAC is standard.

2D-2D solves motion parameters from 2D image point pairs, generally used
in monocular VO when 3D data is unavailable (e.g., initializing the first two
frames). In this case, epipolar constraints estimate the transformation, as il-
lustrated in [Figure 4: see original paper]. Epipolar geometry constrains cor-
responding 3D points viewed from different perspectives. For corresponding
points 𝑞𝑘−1 in image 𝐼𝑘−1 and 𝑞𝑘 in 𝐼𝑘 (both projecting from 3D point 𝑄), the
camera centers and points lie on the same plane. This coplanarity constraint
yields:

𝑞𝑇
𝑘−1𝐹𝑞𝑘 = 0

where 𝐹 is the fundamental matrix containing inter-frame motion and camera
intrinsics. With known intrinsic matrix 𝐾, the essential matrix 𝐸 is:

𝑚𝑇
𝑘−1𝐸𝑚𝑘 = 0

where 𝑚𝑘−1, 𝑚𝑘 are normalized image coordinates. 𝐸 encapsulates rotation and
translation parameters, with translation determined up to a scale factor.

For calibrated cameras, solving 2D-2D requires at least 5 point pairs. The 5-
point algorithm combined with robust estimators (particularly Nister’s efficient
5-point algorithm[61] and its improvements[62]) has become the standard for
2D-2D problems with outliers. Other methods include 6-point[63], 7-point[64],
and 8-point algorithms[65]. Stewenius et al.[62] compared various 2D-2D solvers,
finding the efficient 5-point algorithm offers the best overall performance. Some
automotive VO systems use motion model constraints to reduce required point
pairs. For example, Fraundorfer et al.[66] proposed a 3-point algorithm for
known rotation angles. For planar motion (3 DOF), only 2 point pairs are
needed. Scaramuzza et al.[67] exploited non-holonomic vehicle constraints to
reduce motion model complexity to 2 DOF, solving vehicle motion with just 1
feature pair at 400 Hz.

Generally, 3D-2D achieves higher accuracy than 3D-3D because triangulation
has high depth uncertainty, especially for distant points where depth variations
cause minimal projection changes, as shown in Figure 5: see original paper. Li
et al.[68] proved that depth measurement error (Δ𝑧) is proportional to depth
squared (𝑧2), as shown in Figure 5: see original paper. This uncertainty severely
impacts 3D-3D motion estimation. In 3D-2D, the cost function uses image re-
projection error, largely canceling this uncertainty. To fundamentally address
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depth uncertainty, Forster et al.[12] introduced depth filters in their SVO sys-
tem, deriving uniform-Gaussian mixture depth filters for feature point position
estimation, achieving good results.

In practice, 3D-2D is more widely used than 2D-2D in monocular VO because
3D-2D data association is faster. Accurate motion estimation requires effective
outlier rejection, whose computational time is tightly coupled with the minimum
feature points needed. While 2D-2D requires at least 5 pairs, 3D-2D needs only
3, making it faster. Thus, 2D-2D is typically used only for monocular VO
initialization.

2.3 Drift Reduction

As described in Section 1.1, current pose 𝐶𝑘 is computed by concatenating
single-step relative motions 𝑇𝑖 from initial pose 𝐶0. Errors inevitably exist
between each estimated 𝑇𝑖 and actual camera motion. Smith et al.[69]’s error
propagation law proves that pose error accumulates with concatenated motions
—a phenomenon called drift, illustrated in [Figure 6: see original paper]. Drift
reduction primarily employs filter-based or nonlinear optimization methods.

2.3.1 Filter-Based Methods Filter methods dominated early VO, with Ex-
tended Kalman Filter (EKF)[19] being most common. EKF treats current
camera pose and all 3D points as state variables, updating their means and
covariances. For nonlinear VO systems, EKF provides a maximum a posteri-
ori estimate under single linear approximation. Kitt et al.[52] used Unscented
Kalman Filter (UKF) for more accurate results than EKF, as UKF achieves near-
third-order precision compared to EKF’s first-order Taylor expansion. Other
algorithms reduce computational complexity relative to EKF, such as Sparse
Extended Information Filter (SEIF)[70], Atlas framework[71], and divide-and-
conquer methods[72]. However, filter methods have significant limitations: they
assume Markov property (state at time 𝑘 depends only on time 𝑘 − 1), still
causing error accumulation. Therefore, filter methods are generally used when
computational resources are limited or state estimation is simple, while nonlin-
ear optimization has become the mainstream approach.

2.3.2 Nonlinear Optimization Methods Nonlinear optimization consid-
ers relationships between the current state and all previous states. PTAM[13]
was the first system to use nonlinear optimization, introducing keyframe-based
processing: rather than processing every frame meticulously, it chains several
keyframes and optimizes their trajectory. Bundle Adjustment (BA) is the most
widely used method, optimizing camera poses and 3D point coordinates by
minimizing reprojection errors across multiple frames. When the cost function
considers all frames, it’s called Global BA (GBA); when considering a fixed
window of frames, it’s called Local BA (LBA). GBA offers higher accuracy
than LBA but is computationally expensive. LBA is more suitable for real-time
systems—for example, ORB-SLAM[14] includes an LBA optimization thread for
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refined camera pose and 3D point estimation. TLBBA[18] uses a two-stage local
binocular BA method, fully exploiting information and constraints from stereo
sequences. Many state-of-the-art VO systems currently employ LBA[73,74].

3 Deep Learning-Based Visual Odometry
The aforementioned VO systems recover camera motion using geometric prin-
ciples. In contrast, recent research has explored deep learning (DL) to reveal
relationships between image optical flow and camera motion, offering new VO
solutions. Konda et al.[75] first implemented DL-based VO by extracting vi-
sual motion and depth information from stereo images, using a Convolutional
Neural Network (CNN) with softmax to predict camera velocity and direction
changes. Kendall et al.[76] developed an end-to-end localization system using
CNN, taking RGB images as input and outputting camera pose. Their 23-layer
PoseNet leverages transfer learning from classification databases for complex
image regression. The learned features demonstrate stronger robustness than
traditional local visual features against illumination, motion blur, and camera
intrinsics. They proposed using Structure-from-Motion (SfM) to automatically
generate training annotations, eliminating manual pose labeling, though this is
time-consuming for large-scale scenes. Since the system uses a trained CNN as
an appearance map, retraining or fine-tuning is required for new environments
—a major challenge for DL-based VO.

To address this, Costante et al.[77] used dense optical flow instead of RGB im-
ages as CNN input, designing three CNN architectures for VO feature learning,
achieving robustness under image blur and underexposure. However, results
show training data significantly impacts performance, with large errors for large
inter-frame motions due to lack of high-speed training samples.

Wang et al.[78] used Deep Recurrent Convolutional Neural Networks (RCNN)
to propose a novel end-to-end monocular VO framework. RCNN enables au-
tomatic feature representation learning for VO via CNN while implicitly mod-
eling motion and data association via recurrent neural networks. Experiments
on KITTI’s VO dataset showed performance comparable to state-of-the-art
VO methods, though they emphasized DL-based VO complements rather than
replaces traditional geometry-based VO. Recent work[79] built an autoencoder
deep network to learn a nonlinear latent space representation of optical flow,
jointly trained with another neural network for ego-motion estimation, enabling
more robust flow descriptions and accurate motion estimation through mutual
learning.

Compared to geometry-based VO, DL-based VO eliminates complex geometric
motion modeling and even camera calibration parameters and scale factors. Its
accuracy and robustness depend on neural network design and whether train-
ing data covers test scene variations. Currently, DL-based VO remains in its
infancy, with suboptimal performance when test scenes differ significantly from
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training data. Existing methods exhibit diverse network architectures, and their
robustness (generalization ability) across various scenes needs improvement.

4 Algorithm Evaluation
Comparing VO system performance requires testing on identical image se-
quences. Several institutions provide public datasets for this purpose. We
introduce three popular datasets: KITTI[80], Tsukuba[81], and TUM[82].
summarizes their basic information.

** Basic Information of Three VO Datasets**

Dataset Camera Type Scene URL
KITTI Stereo Urban/Natural http://www.cvlibs.net/datasets/kitti/eval_{odometry}.php
Tsukuba Stereo Synthetic http://www.cvlab.cs.tsukuba.ac.jp/dataset/tsukubastereo.php
TUM RGB-D Indoor http://vision.in.tum.de/data/datasets/rgbd-

dataset

KITTI is an evaluation platform jointly created by Karlsruhe Institute of Tech-
nology and Toyota Technological Institute. Its image sequences were captured
by a driving car in urban and natural environments, with diverse speeds, lighting
conditions, and trajectory types. The VO module includes 22 stereo sequences
(00-10 for training with ground truth, 11-21 for testing without public ground
truth). KITTI provides evaluation metrics: Average Translation Error (ATE)
and Average Rotation Error (ARE). [Figure 7: see original paper] shows trans-
lation and rotation errors versus path length for several popular VO systems,
with quantitative results in .

Tsukuba is a photorealistic synthetic dataset—a 1-minute video with 1800
stereo pairs providing ground truth disparity and occlusion maps, plus per-frame
3D camera position and orientation. Unlike real datasets relying on GPS/IMU,
synthetic datasets provide noise-free ground truth.

TUM (Technical University of Munich) provides multiple datasets for RGB-D
and monocular cameras, with the RGB-D dataset being most commonly used.
It contains 39 indoor sequences covering various scenes and camera motions,
mostly captured by handheld Kinect cameras performing unconstrained 6-DOF
motion, with some sequences from robot-mounted Kinect. Scenes are catego-
rized by structure, texture, and dynamic objects. Ground truth from external
motion capture systems is provided, along with evaluation tools. TUM metrics
include Relative Pose Error (RPE) and Absolute Trajectory Error (ATE).

chinarxiv.org/items/chinaxiv-201809.00141 Machine Translation

https://chinarxiv.org/items/chinaxiv-201809.00141


5 Conclusion
This paper reviewed VO technologies in conjunction with advanced VO systems.
VO uses cameras instead of traditional sensors, offering lower cost. It requires no
prior scene or motion information, avoids data errors from encoder inaccuracies
or sensor degradation, and is unaffected by wheel slippage on uneven terrain.
VO has been successfully applied in land, aerial, and underwater mobile robots,
as well as in automotive and consumer electronics. Nevertheless, VO systems
face limitations: lack of image texture, image blur from fast camera motion,
and varying illumination and imaging conditions all degrade pose estimation
accuracy. The greatest challenge is maintaining stability during long-distance
outdoor operation.

Based on these challenges and recent literature, future research trends may
include:

a) Diverse camera types. Beyond monocular, stereo, and RGB-D cameras,
other types are emerging: omnidirectional[84], fisheye[85], and catadioptric cam-
eras[86]. These suit different scenarios—Zhang et al.[87] experimentally showed
wide field-of-view cameras suit indoor/small spaces while narrow field-of-view
cameras suit outdoor/large environments. Selecting appropriate camera types
based on scene relationships can enhance VO adaptability.

b) High-performance feature detection and descriptors. Recent rapid
development in feature algorithms has yielded new methods like binary descrip-
tor NESTED[35] showing excellent outlier rejection, and Desai et al.’s[88] SYBA
descriptor effectively reducing drift. Utilizing higher-level image information
like edges can reduce feature dependency—LSD-SLAM already exploits edge in-
formation. A promising direction combines point and edge features for better
low-texture scene handling.

c) Leveraging visual moving object detection. Moving objects are a ma-
jor outlier source, and their removal is crucial for VO. Visual moving object
detection has achieved substantial results; integrating these with VO to exclude
moving points is a viable approach. This is important for improving feature set
quality and motion estimation accuracy.

d) Deep learning-based VO. DL-based VO eliminates complex geometric
modeling, learning features and mapping poses directly from image sequences.
Improving robustness across diverse scenes is key. Current methods show large
architectural variations and limited generalization. Enhancing network general-
ization capabilities is essential for this emerging direction.
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