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Abstract

Three-dimensional (3D) reconstruction using images is one of the most significant topics in
computer vision and photogrammetry, with wide-ranging applications in robotics, aug-
mented reality, and mapping. This study investigates methods of 3D reconstruction using
video (especially monocular video) data and focuses on techniques such as Structure from
Motion (SfM), Multi-View Stereo (MVS), Visual Simultaneous Localization and Mapping
(V-SLAM), and videogrammetry. Based on a statistical analysis of SCOPUS records, these
methods collectively account for approximately 6863 journal publications up to the end of
2024. Among these, about 80 studies are analyzed in greater detail to identify trends and
advancements in the field. The study also shows that the use of video data for real-time 3D
reconstruction is commonly addressed through two main approaches: photogrammetry-
based methods, which rely on precise geometric principles and offer high accuracy at the
cost of greater computational demand; and V-SLAM methods, which emphasize real-time
processing and provide higher speed. Furthermore, the application of IMU data and other
indicators, such as color quality and keypoint detection, for selecting suitable frames for
3D reconstruction is investigated. Overall, this study compiles and categorizes video-based
reconstruction methods, emphasizing the critical step of keyframe extraction. By sum-
marizing and illustrating the general approaches, the study aims to clarify and facilitate
the entry path for researchers interested in this area. Finally, the paper offers targeted
recommendations for improving keyframe extraction methods to enhance the accuracy and
efficiency of real-time video-based 3D reconstruction, while also outlining future research
directions in addressing challenges like dynamic scenes, reducing computational costs, and
integrating advanced learning-based techniques.

Keywords: 3D reconstruction; videogrammetry; keyframe extraction; V-SLAM; real-time
3D reconstruction

1. Introduction

In the domains of computer vision and photogrammetry, high-quality 3D recon-
struction is a significant and popular issue with numerous applications, including struc-
tural monitoring, reverse engineering, and quality inspection [1,2]. Many technical and
non-engineering fields have long called for low-cost, portable, and flexible 3D mea-
surement methods that provide geometric precision and high-resolution details. Three-
dimensional reconstruction is the process of simulating a 3D environment using technolo-
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gies, algorithms [3], and data (typically 2D) that produce a variety of outputs, including
point coordinates, sparse and dense point clouds, and 3D models. The technologies,
algorithms, and data can be chosen according to the application type, processing, and
financial costs.

Today, one of the most common methods of 3D reconstruction is the use of images,
which are reconstructed using machine vision and photogrammetry techniques [4]. Im-
ages used for 3D reconstruction are divided into three categories in terms of acquisition
method: single image, stereo images, and multi-image [5]. Video data can be considered
a multi-image acquisition category due to the presence of multiple frames. Depending
on the type of application, one of the popular methods, StM [6], MVS [7], V-SLAM [8],
and deep learning-based methods [9] can be used to process this data. In addition to
visual approaches, LIDAR-based SLAM methods—which use active ranging sensors to
directly measure scene geometry—are widely used in robotic and large-scale mapping
applications [10]. LIDAR SLAM provides robust depth information in low-texture or low-
light environments and reduces reliance on visual features, though at the cost of additional
sensor weight, power consumption, and hardware expense.

The use of multiple images for 3D reconstruction has traditionally been most common
in photogrammetry. The accuracy and quality of the final model depend strongly on
the acquired imagery and the acquisition strategy [11,12]. Because photogrammetric
techniques are grounded in precise geometric principles and mathematical models [13],
a key challenge is ensuring suitable imaging geometry—an issue that remains difficult
for both non-specialists and experts in practical settings [14]. Consequently, pipelines
such as SfM were developed to estimate camera motion and recover sparse 3D structure
from multiple views. SfM can estimate camera poses and generate a sparse model, but
it is typically computationally expensive and is primarily designed for offline processing
on static datasets [15]. This makes it difficult to incorporate new imagery incrementally
and limits its suitability for real-time operation. In contrast, V-SLAM emphasizes online,
iterative estimation of sensor motion while building a map, which is why it is widely used
for localization and mapping in robotic systems.

In many applications, 3D reconstruction from still images—especially for large
scenes—can be time-consuming. If the acquired dataset is incomplete or unreliable, reac-
quisition often requires repeating the entire workflow. This motivates the increasing use
of video data, which provides continuous coverage and enables immediate inspection
of scene completeness. Video-based capture can support practical reconstruction by re-
vealing gaps during acquisition, reducing the likelihood of costly recapture, and enabling
frame selection (e.g., keyframe extraction) to retain only frames that contribute useful
baseline and image quality. These properties make video especially attractive for scenarios
that require rapid capture and feedback, such as field inspection, mobile mapping, and
interactive reconstruction.

The relevance of video-based reconstruction is particularly evident in domains such
as robotics, AR/VR, and mapping, where systems must estimate motion and geometry
under real-world constraints and often in real time. Robotics applications—including
autonomous navigation, mapping, and object interaction—have progressed rapidly due
to advances in video-based motion estimation and mapping. Similarly, AR/ VR requires
stable tracking and reliable scene understanding to anchor virtual content, while map-
ping applications demand scalable methods that remain robust across lighting changes,
texture-poor regions, and dynamic elements. However, despite the strong geometric foun-
dations of photogrammetry, photogrammetric principles are often simplified or neglected
in real-time pipelines in order to meet latency and compute constraints. This creates a per-
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sistent gap between high-accuracy photogrammetric reconstruction and the requirements
of real-time deployment.

By comparing both established and emerging video-based 3D reconstruction tech-
niques, this review addresses that gap and focuses on real-time performance from a pho-
togrammetric perspective. Specifically, it examines the following questions:

e  What are the primary features and drawbacks of the approaches used today?

e  How can photogrammetric constraints and acquisition principles improve real-time
reconstruction reliability?

e  Why does SfM dominate the field, and what are its practical limitations compared to
V-SLAM in real-time applications?

e  How do modern systems trade off speed, accuracy, robustness, and computational cost?

This work bridges academic trends (including SfM-centered evaluation) and industrial
needs (reliable real-time processing), and provides a structured view of the field based
on four dominant categories of video-based reconstruction: (1) photogrammetry-based
pipelines, (2) V-SLAM systems for online mapping, (3) learning-based and hybrid ap-
proaches that integrate neural priors into geometry and fusion, and (4) spatio-temporal
(4D) reconstruction methods that explicitly model scene structure over time. Across these
categories, we also highlight keyframe extraction and frame selection as a cross-cutting com-
ponent that affects both accuracy and efficiency. The reviewed methods are compared in
terms of methodology, real-time capability, computational requirements, and input/output
representations. The remainder of this paper is organized as follows: Section 2 reviews the
fundamental principles underpinning video-based reconstruction (SfM, MVS, and visual
odometry/V-SLAM) and discusses the role of video data relative to still images. Section 3
presents the proposed categorization of methods and summarizes representative directions,
followed by comparative discussion and opportunities for better integrating photogram-
metric principles into real-time pipelines. This review aims to serve as a practical resource
for researchers entering the field and for practitioners selecting appropriate methods and
identifying promising research directions.

2. Fundamentals of Video-Based 3D Reconstruction

Video-based 3D reconstruction refers to estimating scene geometry and camera motion
from a sequence of frames acquired over time. Compared with unordered image collec-
tions, video streams provide temporal continuity and high frame redundancy, which can
simplify tracking but also increase computational load and introduce quality issues such as
motion blur and rolling-shutter distortions. Most pipelines build on a small set of common
components—feature detection and matching or direct photometric alignment, camera
pose estimation, triangulation, and global optimization—followed by dense reconstruction
when high-detail models are required. This section summarizes the fundamental principles
behind SfM, MVS, and visual odometry/visual SLAM, and highlights how the properties
of video data influence these methods.

2.1. Structure from Motion (SfM)

SfM estimates camera motion (poses) and a sparse pointcloud from overlapping
images by exploiting geometric consistency across multiple views. SfM is typically the
first stage of photogrammetry-oriented pipelines and is widely used because it can operate
on unordered image sets and recover both extrinsic (camera position/orientation) and
intrinsic parameters (often refined during optimization), producing a sparse point cloud
together with estimated camera poses.

A standard SfM workflow includes:

L Feature detection and description (e.g., SIFT/ORB-type keypoints);
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II. Feature matching across views to establish correspondences;
I Geometric verification (e.g., via epipolar constraints) to remove outliers;
Iv. Incremental or global pose/structure estimation through triangulation and re-

peated registration of new views.

To improve accuracy and consistency, StM relies on bundle adjustment, which jointly
refines camera parameters and 3D point coordinates by minimizing reprojection error.
Although this optimization is a major reason for SfM’s strong geometric performance, it is
also a primary contributor to its computational cost and limited real-time capability.

When SfM is applied to video sequences, consecutive frames offer high overlap and
smooth viewpoint change, which can simplify tracking and increase the number of corre-
spondences. In this setting, incremental SfM is especially relevant because it can register
frames sequentially: starting from an initial pair, it incrementally adds new frames, tri-
angulates new points, and periodically refines the solution via bundle adjustment. This
makes SfM conceptually compatible with sequential reconstruction from video; however,
in practice, the repeated optimization and the large number of frames make fully incre-
mental pipelines computationally heavy. Therefore, video-to-SfM workflows commonly
include keyframe extraction (or frame subsampling) to reduce redundancy and keep only
frames that add useful baseline and image quality, improving efficiency while maintaining
stable geometry.

2.2. Multi-View Stereo (MVS)

MVS aims to recover dense 3D geometry from multiple overlapping views by es-
timating per-pixel (or per-patch) depth and aggregating these estimates into a dense
representation of the scene. Unlike SfM, which produces a sparse point cloud primarily
from matched keypoints, MVS is designed to densify reconstruction by exploiting photo-
metric and geometric consistency across images. In typical photogrammetric pipelines,
MVS is applied after SfM because it requires reasonably accurate camera poses (and often
calibrated intrinsics) to constrain depth estimation.

Most MVS pipelines follow a common pattern:

L Build depth maps for selected reference views by searching along the epipolar
geometry and evaluating photo-consistency;

II. Apply regularization or filtering to improve robustness in low-texture or
repetitive regions;

I Fuse depth maps from multiple views into a dense point cloud.

The fused geometry may then be converted into a mesh and textured model, where
the texture is projected from the original images. MVS quality depends strongly on image
overlap, baseline distribution, scene texture, and illumination consistency; it is also sen-
sitive to violations of common assumptions, such as non-Lambertian surfaces (specular
reflections), motion in the scene, or significant exposure variation.

In video-based workflows, MVS benefits from the abundance of candidate frames
but also faces practical constraints: running dense depth estimation on every frame is
computationally expensive and often unnecessary due to redundancy. Therefore, MVS
from video typically relies on keyframe selection to ensure adequate viewpoint diversity
(baseline) while limiting the number of depth-map computations. Moreover, because MVS
performance is tightly coupled to pose accuracy, errors propagated from the preceding
motion-estimation stage (SfM or SLAM/VO) can lead to depth inconsistencies, noisy
surfaces, or holes in the final model. As a result, effective video-based MVS pipelines must
balance frame quality, baseline, and pose reliability to achieve dense reconstructions that
remain both accurate and computationally feasible.
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2.3. Visual Odometry and Visual SLAM

Simultaneous Localization and Mapping (SLAM) addresses the problem of estimat-
ing a sensor’s pose while building a map of an unknown environment, and it has been
extensively studied in robotics for decades [16]. While many SLAM systems use active
sensors such as LiIDAR to obtain dense range measurements, visual methods use one or
more cameras (monocular, stereo, or RGB-D) to estimate motion and reconstruct a map
from image observations [17]. In this context, two closely related concepts are widely used:
visual odometry (VO) and visual SLAM (V-SLAM).

VO focuses on estimating the relative motion of the camera over time—typically by
tracking features or aligning image intensities between consecutive frames—and producing
a local trajectory. VO is usually an incremental, frame-to-frame process and can operate in
real time; however, because it mainly relies on short-term constraints, it tends to accumulate
drift over long trajectories. V-SLAM, in contrast, extends VO by introducing mapping and
global consistency mechanisms. In addition to local motion estimation, V-SLAM maintains
a persistent map (e.g., landmarks, keyframes, or dense surface elements) and uses global
optimization—most importantly, loop closure and pose-graph optimization and/or bundle
adjustment—to reduce drift when revisiting previously seen areas. Therefore, VO can be
viewed as a core module inside V-SLAM, while V-SLAM adds the components required for
long-term, globally consistent localization and mapping. The main functional modules and
map outputs of a typical V-SLAM system are summarized in Figure 1.

Feature Extraction Feature Matching Visual Odometry

—— ¢ Pair keypoints across ——» ¢ Estimate relative motion
frames ¢ Short-term frame
e Geometric verification tracking

* Detect keypoints
* Compute descriptors

Loop Detection

{ ¢ Place Recognition
¢ Loop Closure Detection

Mapping Optimization maaaidustics
e Sparse Map e Feature Extraction
* Dense Map o Feature Matching
* Sematic Map e Position Solution
* Voxel Map ¢ Additional aspects if required

Figure 1. Schematic representation of the main components of a V-SLAM system, including input
data acquisition, Feature Extraction, Feature Matching, visual odometry, optimization, loop detection,
and generation of various types of 3D maps.

While Figure 1 summarizes the functional modules of a typical V-SLAM pipeline,
it is also useful to place this field in its broader research context. Over the past decade,
V-SLAM has expanded rapidly in both algorithmic diversity and application scope, driven
by advances in real-time optimization, robust feature representations, dense mapping,
and, more recently, learning-based components. This growth is reflected in the increasing
number of survey and review articles that synthesize progress across classical geometric
methods, semantic and dynamic-scene extensions, and neural approaches. Figure 2 pro-
vides a chronological overview of representative review and survey works on SLAM and
V-SLAM, highlighting how the focus of the literature has evolved over time and motivating
the categorization adopted in the following sections.

2.4. Role of Video Data vs. Still Images

From a photogrammetric perspective, video sequences differ from unordered still-
image collections primarily through temporal continuity and dense sampling of viewpoints.
Consecutive frames typically exhibit strong overlap and smooth inter-frame motion, which
can benefit correspondence establishment and incremental pose estimation. At the same
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time, the imaging geometry in video acquisition is often less deliberate than in planned still-
image surveys; therefore, achieving sufficient parallax, appropriate baseline distribution,
and stable network geometry may require additional control during capture and/or careful
frame selection during preprocessing.

Visual SLAM and Structure

The SLAM problem: Visual SLAM for Driverless Visual SLAM algorithms:  from Motion in Dynamic ] .
asurvey Cars: A Brief Survey a survey from 2010 to 2016 ~ Environments: A Survey Stereo Visual SLAM for
Aulinas et al. Ros et al. Taketomi et al. Saputra et al. Autonomous Vehicles:
A Review
Gao et al.
B 2008 NN 2009 M 2012 ) =0 2015 = 2017 2018 e 2020
An Overview to Visual Odometry and Visual
SLAM Estimation in Dynamic SLAM: Applications to Mobile Robotics A Review of V-.SLAM
Outdoor Environments : A Review Yousif et al. Chen etal.

Luetal. 2021

Visual-SLAM Classical

Framework and Key Techniques: Role of Deep Learning in Loop

) A ljlcvlcw of Autonomous Review € Visial Saultuneons Visual SLAM Afnr AJBcviC\lv Closure Detection for Visual
Navigation Technology for Orchard .. . underwater vehicles: 1aetal s o S
3 . Localization and Mapping Based on and Lidar SLAM: A Survey
Robots Based on Visual SLAM Deep Learning A survey A Comprehensive Araindetal y
Shen and Meng Zhana et al Zhang et al. Survey of Visual SLAM An Overview on Visual S :
ang : Algorithms SLAM: From Tradition
. to Semantic
Barros et al, Chen et al.
K (025 EEEEEE 2024 ML 2023 2022

Comparison of modern open-source isuz . P
N o Visiial SLAN. Whatdrs A review of visual SLAM

Visual SLAM approaches the Current Trends and
o : o methods for autonomous
Sharafuutdinov et al. What to Expect? driving vehicles
A review of visual SLAM for robotics: Tourani et al.

Cheng et al.

evolution, properties, and future applications

Al-Tawil et al.

A survey of state-of-the-art
on visual SLAM
Kazerouni et al.
Figure 2. This image illustrates the timeline of review papers conducted on V-SLAM from 2008 to 2025.
The chart highlights key publications covering various aspects of V-SLAM, including algorithms,
applications in autonomous vehicles, deep learning integration, and classical frameworks [16,18-36].

A second fundamental property of video is its high redundancy. Recording at
20-60 frames per second yields many near-duplicate frames, while a non-trivial subset may
be unsuitable for reconstruction due to motion blur, exposure variation, rolling-shutter
effects, compression artifacts, or dynamic scene content. Importantly, increasing the num-
ber of frames does not guarantee improved reconstruction quality; large frame sets can
increase computational cost substantially and may even amplify noise or inconsistencies
when redundant or low-quality frames dominate the dataset [37]. Moreover, in large-scale
reconstructions, small residual errors in calibration and modeling assumptions can propa-
gate across many frames, increasing sensitivity to data quality and potentially degrading
the stability of downstream estimation [38].

Consequently, most video-based reconstruction pipelines incorporate an explicit mech-
anism to reduce and curate the frame set. In photogrammetry-oriented workflows, this
is commonly realized through keyframe extraction (or frame subsampling), whose goal
is to preserve frames that contribute useful baseline and strong visual constraints while
suppressing redundancy and low-quality observations. In real-time pipelines, similar
principles appear as keyframe insertion policies and map-management strategies within
visual odometry/SLAM, frequently complemented by additional sensors (e.g., IMU/GNSS)
to improve robustness and reduce unnecessary computation [39]. Overall, video provides
valuable temporal structure and dense observations, but it also makes data selection a
central determinant of accuracy, efficiency, and practical deployability.

The term image-based 3D reconstruction refers to methods that estimate 3D structure
from one or more images, but the underlying assumptions and outputs vary widely. Some
methods prioritize accurate camera pose recovery and sparse geometry, others aim for
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dense depth and surface reconstruction, and others are designed for online operation where
localization and mapping must be performed incrementally. More recently, learning-based
models have been used to complement classical geometry by providing depth priors,
implicit scene representations, or improved robustness under challenging imaging condi-
tions. Table 1 consolidates these representative approaches and summarizes their typical
characteristics to support method selection for different application requirements.

Table 1. This table provides a comprehensive comparison of three prominent image-based 3D
reconstruction methods: V-SLAM, Multi-View Stereo (MVS), and Structure from Motion (SfM). It
contrasts these methods across various dimensions such as objectives, input and output types, real-
time capabilities, algorithmic foundations, strengths and weaknesses, and typical applications. The
role of deep learning-based approaches in enhancing these techniques is also emphasized.

SfM [40,41] MVS [42,43] V-SLAM [33,35] Learning-Based Methods [44]
. . Depth prediction, 3D
. 3D scene reconst.ructl.on . Dense scene ) R Real-time localization structure reconstruction,
Objective . Camera pose estimation reconstruction using and 3D map generation or volumetric
from multiple images overlapping images representation from
2D images
Overlapping images (without L : . Images (sometimes accompanied
Inputs a specific order) Overlapping images Video or a sequence of images by depth data)
Outputs Sparse point cloud and High-density point cloud and Environmental map generally ~ Volumetric model, point cloud
tp camera pose 3D mesh with low density and 3D mesh
. e Possible but challenging
Real-time Capability No No Yes (mostly offline)
. Feature matching . Depth estimation . Feature tracking ¢ Generative Adversarial
. . . . . . Networks (GANs)
Algorithmic Basis . Pose estimation . Surface reconstruction . Loop closure X
. Bundle adjustment . Texture mappin . Bundle adjustment ¢ Neural Radiance
) pping ) Fields (NeRF)
. High accuracy in . High-density . Real-time capability ° High flexibility and
A . . generalizability to
Advantages camera positioning and reconstruction . Suitable for
- o complex scenes
sparse scene structure . Accurate models real-time localization
and textures
) . High overlz}p required . High Per.formance . Tncreasing Drift without . Known Position Required
Disadvantages . Low-denssitye Computing 1 . Limited to the field of
d ? - . oop closure L
ata generation . Known position required training data
. photogrammetry . Robotics . Augmented and
Applicati . Photogrammetry ; . ) -
pplications . . Cultural heritage . Augmented reality virtual reality
. 3D scene reconstruction . ? .
. 3D mapping . Autonomous vehicles . Video games

The objective of V-SLAM is real-time localization and map generation, whereas MVS
focuses on high-density scene reconstruction, and SfM is more concerned with low-density
scene reconstruction and camera position estimation. In terms of real-time reconstruction
capability, V-SLAM is equipped for this, while MVS and SfM lack this feature. The algorith-
mic foundation of each method also differs: V-SLAM employs feature tracking and loop
closure, MVS relies on depth estimation and surface reconstruction, and SfM depends on
feature matching and position estimation.

Additionally, deep learning-based methods, such as Neural Radiance Fields (NeRF) [45],
can significantly contribute to 3D reconstruction. This comparison helps clarify the selection
of the most appropriate method for various 3D reconstruction applications.

3. Categories of Video-Based Reconstruction Methods

Video-based 3D reconstruction leverages continuous viewpoint changes to provide
strong overlap, but it requires strategies to handle redundant frames and to estimate motion
and depth reliably in real scenes. Prior work can be broadly grouped by its dominant
strategy: photogrammetry-based pipelines, V-SLAM systems for online mapping, learning-
based or hybrid methods that incorporate neural priors into geometry and fusion, and
spatio-temporal (4D) reconstruction methods that explicitly model scene geometry over
time. These groups are not mutually exclusive, and many modern systems combine com-
ponents from multiple categories. The following subsections summarize these directions
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4D (Spatio-Temporal)
Reconstruction Methods

Key frame Extraction from Video

4D reconstruction with ORBSLAM 1 ORBSLAM 11 #nd MVS methods Incrumental SfTM on

and discuss their typical assumptions and use cases. Figure 3, visualizes this taxonomy
over time and shows how the major methodological directions progressed and began
to converge.

Using video with SIM
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keyframe extraction
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2028 2024 2023 NeRFSLAM
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Maggio and Carlone l:':'l'"'lm:':]' Quetal Sayed ctal Input video quality
Mini-Droid . Using Attention-based Network y
AM DynPL- SLAM in extracting key frames  assessment

Albukhari ct al. Zhang et al Arslan and Tanberk

Figure 3. Chronological timeline of representative video-based 3D reconstruction methods, organized
by dominant strategy: (i) photogrammetry-based pipelines, (ii) V-SLAM, (iii) learning-based and
hybrid approaches, and (iv) spatio-temporal (4D) reconstruction methods that explicitly model scene
structure over time. The timeline highlights how these directions evolved and increasingly overlap in
modern systems [24,38,46-79].

3.1. Photogrammetry-Based Methods

Video sequences can be treated as a convenient alternative to unordered image collec-
tions by converting the stream into a set of informative frames and processing them with
established photogrammetric pipelines. In these photogrammetry-based approaches, the
central step is keyframe extraction, which aims to reduce redundancy while preserving
sufficient viewpoint change, overlap, and geometric diversity for reliable estimation. After
frame selection, reconstruction typically follows a classical workflow: SfM is used to re-
cover camera poses and a sparse structure, and MVS is then applied to densify the model
and produce dense point clouds or surface meshes. This strategy is typically offline and is
therefore suited to applications where reconstruction quality is prioritized over immediate
real-time output.

In [46] authors evaluated the feasibility of performing 3D reconstructions of historical
buildings using video data, such as footage captured with smartphones. Video frames
are extracted from the sequence using a fixed time interval and two advanced methods.
Video frames can be extracted using various approaches such as time-based selection, 2D
feature-based selection, and 3D-based selection. The frames are then processed using SfM
and MVS. The resulting dense 3D point clouds are visually validated [46]. Video-based
3D reconstruction, when combined with advanced frame selection algorithms and precise
3D processing methods, can serve as a valuable alternative to image-based methods,
particularly when operators lack the photogrammetric expertise required to capture images
with good reconstruct ability and fewer geometric errors.

While classical SfM pipelines are generally offline, in [47] authors proposed a monocu-
lar incremental SfM approach that targets faster processing and brings photogrammetry-
style reconstruction closer to near real-time use. The method first applies a mismatch-
filtering strategy based on local image correlation to improve pose estimation reliability. It
then combines SIFT and ORB feature matching to increase the number of correspondences
for sparse reconstruction, followed by incremental SfM to triangulate sparse 3D points. For
densification, the approach integrates ORB features with optical flow to recover denser
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structure. Experiments have demonstrated that the number of iterations in the BA solution
stage can be effectively decreased by using filtering and fusion-matched outcomes [47].
While maintaining the reconstruction visual effect, the enhanced dense reconstruction
algorithm can shorten the reconstruction time.

In [48] authors investigated a novel method for high-quality 3D reconstruction based
on the integration of polarized imaging and binocular stereo vision. In this approach, the
polarization surface is first generated by correcting azimuth angle errors based on the
recorded depth by the stereo system in order to resolve azimuth ambiguity in polarized
imaging. Then, a unified 3D reconstruction model is proposed for depth fusion, which
includes a data fitting term and a robust low-rank matrix factorization constraint. The
former is used to transfer textures from the polarization surface to the fused depth under the
assumption of a linear relationship, while the latter leverages the low-frequency component
of the depth captured by the stereo system to enhance the accuracy of the fused depth,
accounting for the effects of missing inputs and outputs. Experimental results demonstrate
that the proposed method can produce accurate 3D reconstructions with high texture
detail [48]. This method offers high accuracy and detail; however, it has only been tested in
a laboratory environment and may yield different results under varying conditions.

In [49] authors investigated the impact of using UHD video cameras (6k and 8k) on
urban 3D models. In addition, UHD video-based models are compared with 3D models
generated from usual HD and 4K cameras. The results indicate that the point cloud density
and reconstruction accuracy improved by up to 90% when using 8K videos compared to
HD videos captured from the same drone. It is also notable that the ground sampling
distance (GSD) using 8K resolution improved by approximately four times compared to
HD resolution while maintaining the same flight altitude [49]. However, using UHD videos
still poses challenges, as the memory requirements, necessary computational power, and
processing time can, on average, increase by more than twenty times.

Zhan et al. introduced the “on-the-fly SfM” method in 2023 [50], which enabled a
near real-time structure-from-motion (5fM) pipeline for 3D reconstruction using images
captured in arbitrary ways by different agents. This method, designed to handle spatiotem-
porally disordered images, made SfM feasible for real-time applications, where previously,
SfM methods required offline processing. The system was based on a more flexible im-
age retrieval method and used simple setups, such as mobile phones or other capturing
devices [80]. In 2025, the team updated this method with a new version, “on-the-fly SEMv2.”
This update incorporated three main advancements: enhanced image retrieval using Hi-
erarchical Navigable Small World (HNSW) graphs, an adaptive weighting strategy for
local bundle adjustment, and the capability to handle data from multiple agents. The
improvements made the system more robust, faster, and able to merge reconstructions
from various agents, leading to more accurate and complete 3D models with significantly
reduced processing times [51].

3.2. VSLAM

V-SLAM methods address video-based reconstruction under the additional require-
ment of estimating camera motion and building a map online. Unlike photogrammetry
pipelines that typically operate offline, V-SLAM systems are designed for real-time or near
real-time localization and mapping, which makes them suitable for robotics, AR/VR, and
mobile mapping. In general, V-SLAM pipelines consist of front-end processing (feature
extraction/tracking and data association), back-end optimization (bundle adjustment or
pose-graph optimization), and mechanisms for drift reduction such as loop closure and
relocalization. The following studies illustrate representative developments from clas-

https:/ /doi.org/10.3390/jimaging12030128


https://doi.org/10.3390/jimaging12030128

J. Imaging 2026, 12, 128

10 of 30

sical feature-based SLAM toward more recent systems that incorporate learning-based
components or photogrammetric toolchains.

A foundational milestone in real-time feature-based V-SLAM is PTAM (Parallel Track-
ing and Mapping), introduced by Klein and Murray (2007) for small augmented-reality
workspaces [52]. PTAM separates the SLAM pipeline into two parallel threads: a tracking
thread that estimates camera pose in real time using point features, and a mapping thread
that incrementally refines the map and camera states (typically via bundle adjustment) us-
ing selected keyframes. This parallel design demonstrated that accurate online localization
and map building could be achieved on limited computational resources, and it estab-
lished keyframe-based optimization as a practical strategy for real-time operation. PTAM
also clarified the trade-off between robustness and computational cost in feature-based
SLAM, motivating later systems that improve relocalization, loop closure, and long-term
mapping performance.

In [53] authors proposed a method called ORB-SLAM2, which enables map reuse,
loop closure (camera trajectory correction), and relocation of the estimated camera position.
The proposed approach includes three simultaneous stages: (1) local pose estimation of the
camera for each frame by matching features with the initial local map and minimizing the
reprojection error through motion-only bundle adjustment; (2) local mapping to manage
and optimize the local map, including performing local bundle adjustment; and (3) loop
closure to detect large loops and correct accumulated drift error using pos- graph optimiza-
tion, followed by a full bundle adjustment to integrate all steps and refine global errors [53].
The results show that the proposed method outperforms direct or ICP-based methods in
closed structures when accurate camera positions are available, with the added advantage
of lower computational cost and no requirement for GPU processing for real-time operation.
If this method can be extended beyond the local scope and linked to a global coordinate
system using the estimated camera poses, it could serve as a reliable approach. ORB-SLAM
consists of three versions, briefly presented in Table 2.

Table 2. Versions of the ORB-SLAM family, including supported sensors, main outputs, typical
applications, and references.

ORB-SLAM Sensor Support Output Application Author and Year Reference

1 Monocular Camera pose Indoor navigation Mur-Artal et al., 2015 [54]

estimation
Keyframe selection
I Mono, Stereo, RGBD and sparse Mobile Mapping, VR Mur—A’rtal and [53]
. Tardés, 2017

point cloud

it Mono, Stereo, IMU, 5 -4 3D Mapping Robotics, 3D Campos et al., 2021 [55]

Fish eye

Reconstruction

Beyond sparse feature maps, recent work increasingly targets denser reconstruction
while preserving online operation. In [56] authors introduced VisFusion, a view-aware
real-time reconstruction approach that builds volumetric feature representations from
monocular video. Given a video segment, multi-resolution 3D feature volumes are con-
structed by projecting voxels into the available views, after which multi-view features are
fused using predicted visibility. Local occupancy and TSDF (Truncated Signed Distance
Function) are then estimated from the fused representation, followed by ray-based spar-
sification to remove empty voxels. The resulting local representation is integrated into a
global volume using a GRU to produce the final TSDF, from which surfaces are extracted
and refined [56]. This formulation highlights how learned fusion and sparsification can
support effective online dense mapping within a SLAM-style pipeline.
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In [57] authors presented SimpleRecon, which offers sophisticated depth estimates
and 3D reconstructions without depending on computationally costly 3D convolutional
layers. The approach introduces a novel multi-view depth estimator based on two key
components: a carefully designed 2D CNN that leverages image priors alongside feature
volumes and geometric losses, and the integration of keyframes and geometric metadata
into the cost volume estimation, which enables surface depth scoring. The core objective
of this study is to inject inexpensive metadata into the pipeline to reduce computational
and processing costs. Evaluations indicate that the inclusion of metadata in the processing
workflow improves the output scores; furthermore, the method does not preclude the
use of more complex 3D techniques or depth refinement strategies and offers room for
further improvements when computational resources are constrained [57]. Ultimately, the
proposed approach underscores that high-quality depth estimation is the most critical
factor in achieving high-fidelity 3D reconstruction.

In [58] authors explored enabling real-time operation within COLMAP by extending it
toward a feature-based V-SLAM mode. This feature can also be used with other sensors. The
study demonstrates an example of a keyframe selection algorithm based on deep learning
of local features, as well as a data fusion strategy incorporating IMU measurements. In
this approach, keyframes from the primary camera are matched sequentially across time
intervals, while frames from auxiliary cameras are only matched against the primary
keyframes. All matches are stored in an SQLite database. Then, using the COLMAP
mapper API, new keyframes are registered, new tie points are triangulated, and the 3D
points and camera poses are estimated. This process is iteratively repeated, new keyframes
are searched among the new available frames, and the existing map is updated with new
features and camera states [58]. The obtained results show that the proposed approach
can achieve satisfactory performance with accuracy comparable to OpenVSLAM [59].
Considering the combination of the SLAM solution with the photogrammetric approach,
this direction shows potential for the development of a more robust and reliable algorithm.

3.3. Learning-Based and Hybrid Methods

Recent video-based reconstruction research increasingly integrates deep learning with
geometric pipelines to improve robustness, completeness, and computational efficiency. In
this context, “hybrid” methods combine classical components (e.g., SEM/MVS or SLAM
back-ends) with learned modules for feature extraction, depth estimation, fusion, keyframe
selection, or loop closure, while purely learning-based approaches learn scene structure
directly from data using implicit or volumetric representations. These methods are par-
ticularly relevant in challenging conditions—low texture, motion blur, dynamic objects,
or limited viewpoints—where purely geometric pipelines can degrade. This subsection
summarizes representative learning-driven and hybrid approaches and highlights how
learned priors are incorporated into different stages of the reconstruction pipeline. Some of
these applications are depicted in Figure 4.

The diagram shows the progress of V-SLAM systems using neural networks in re-
cent years. According to the presented models, the use of more advanced models will
continuously improve the accuracy and reliability of these systems. These changes show
how neural networks are becoming more and more important in enhancing V-SLAM’s
effectiveness and performance in both research and real-world applications. They also hold
promise for expanding the usage of neural networks in subsequent studies.

A first line of work focuses on dense reconstruction from monocular video using
learned depth and fusion. In [65] authors introduced a framework called NeuralRecon for
real-time reconstruction of 3D scenes from a monocular video. Unlike methods that estimate
depth maps for each frame separately and then combine them, this method provides better
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performance by gradually and continuously reconstructing local surfaces. Surfaces are
represented as sparse TSDF (Truncated Signed Distance Function) volumes, and each
segment of the video is sequentially processed by the network. TSDF is used to represent
the surface of objects in a 3D space. In this method, the 3D space is divided into a 3D grid,
and each voxel contains a value indicating how far that point is from the real surface. To
integrate features from previous segments with new data, a GRU-based (Gated Recurrent
Unit) module is employed. This design enables the network to preserve local details
while maintaining global structural consistency in the reconstructed 3D surfaces. The
results show that NeuralRecon outperforms state-of-the-art methods in both reconstruction
quality and execution speed. The sparse TSDF volume reconstructed by NeuralRecon
can be directly utilized in downstream tasks such as 3D object detection, 3D semantic
segmentation, and neural rendering [65]. Although the proposed method performs 3D
reconstruction with low computational cost, it does not meet the geometric accuracy
required for photogrammetric applications.

Utilization Siamese
capsule network

Zhu and Sun
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Figure 4. Progressive integration of deep neural networks into major V-SLAM components, includ-
ing feature extraction, motion estimation, keyframe selection, and loop-closure detection, presented
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chronologically [60-64,81-100]. The figure highlights how learning-based models have been adopted
across SLAM modules over time and reflects the diversification of their use in recent systems.

Related hybrid pipelines combine geometric pose estimation with learned or classical
depth estimation to enable online model generation without depth sensors. In [66] authors
proposed a three-stage pipeline that relies on a calibrated monocular video stream: (i) a
SLAM algorithm estimates a coarse camera trajectory, (ii) an MVS approach estimates
depth for local image patches once camera poses are available, and (iii) the resulting depth
is fused into a global surfel-based model. To reduce redundant computation, frames are
selected for depth estimation based on geometric constraints, since not all frames contribute
novel information [66]. His formulation illustrates a pragmatic hybrid design in which
SLAM provides pose initialization and MVS provides local depth for incremental fusion.

A second research direction injects learning into core SLAM modules to improve ro-
bustness in tracking and loop closure. In [94] authors introduced a learning-based approach
for V-SLAM by integrating deep keypoint extraction via meta-learning, coarse-to-fine fea-
ture tracking, and learning-based loop closure. This approach utilizes a Model-Agnostic
Meta-Learning (MAML) mechanism to refine the training of keypoint detection networks,
hence improving their adaptability to various contexts. In addition, they introduce a feature
tracking mechanism for the entire feature set except for the learned keypoints, starting with
a direct method to estimate the relative pose between consecutive frames, followed by a
feature matching process for more accurate pose estimation. To reduce cumulative position-
ing errors, DK-SLAM integrates a new learning module for loop closure detection and uses
binary features to dynamically identify the loop nodes in a sequence [94]. Experimental
results on benchmark datasets demonstrate that DK-SLAM outperforms leading traditional
and learning-based SLAM systems, such as ORB-SLAM3 and LIFT-SLAM [87]. However,
it should be noted that it requires very powerful GPUs and is more time-consuming than
traditional methods.

More recently, several systems have explored alternative learned map representa-
tions for dense SLAM, including Gaussian-based scene modeling. Yan et al. introduced
GS-SLAM in a study that first used 3D Gaussian representations in the SLAM process. This
approach uses a real-time differentiable split rendering process that offers a significant
speed-up for map optimization and rendering of RGB-D data. This method extends the
3D Gaussian representation to permit entire scene reconstruction, in contrast to prior ap-
proaches that usually model static objects. Furthermore, to consistently choose 3D Gaussian
representations for camera position optimization, a whole-to-part technique is developed,
which results in shorter runtime and more reliable estimations [87]. Notwithstanding its
benefits, it is crucial to remember that the suggested approach necessitates a significant
amount of computer power, especially powerful graphical processing equipment.

DROID-SLAM [67] is a pioneering approach that combines deep learning with tra-
ditional V-SLAM methods to achieve robust and accurate real-time 3D reconstruction. It
uses deep neural networks for feature extraction and depth estimation, and employs Dense
Bundle Adjustment (DBA) to refine camera poses and 3D map points. One key feature of
DROID-SLAM is its Frame Graph Representation, which enables efficient loop closure and
optimization, making the system more scalable and adaptable to dynamic environments.
The method is effective across monocular, stereo, and RGB-D data, and is validated on
several benchmark datasets, including TartanAir and EuRoC, demonstrating its robustness
without requiring retraining [67].

A significant extension of DROID-SLAM was introduced in MINI-DROID-SLAM,
which optimized the system by integrating a lightweight MINI-GRU module, signif-
icantly reducing computational overhead and memory usage [68]. This modification
makes MINI-DROID-SLAM more suitable for real-time applications, providing a faster
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and more efficient solution for monocular SLAM tasks, especially on devices with limited
GPU resources.

Finally, handling dynamic environments has become an increasingly important fo-
cus because many SLAM systems assume static scenes. In [91] authors introduced
DynPL-SLAM, an indirect stereo V-SLAM system that uses point and line features to
handle dynamic scenes. It handles dynamic scenes by utilizing both point and line in-
formation. For keyframe selection and loop closure detection, this method suggests a
Histogram of Regional Similarity (HRS) model that effectively calculates scene similarity.
According to experimental results, this approach significantly improves the localization
accuracy in dynamic scenes and outperforms existing stereo V-SLAM systems in terms
of real-time performance [91]. In fact, it has approximately 18.6% faster processing speed
than ORB-SLAMS3.

The PLFF-SLAM algorithm is a new method for simultaneous localization and map-
ping, which was introduced in [63]. V-SLAM methods suffer from path deviation and
reduced position estimation accuracy under conditions where the light changes drastically.
To solve these problems, PLFF-SLAM proposes a combination of two points and line fea-
tures and uses deep learning to improve the extraction of these features. In this method,
the GCNV2 network is upgraded to extract point features by optimizing the coding layers
and cost function. Also, an improved LSD algorithm is used to extract and match line
features, which reduces errors caused by the lack of key points. The combination of these
two features reduces path deviation and increases the position estimation accuracy in the
SLAM system [63]. Experiments on UMA-VI and EuRoC datasets show that PLFF-SLAM
performs better than usual methods such as ORB-SLAM3 and GCN-SLAM. Future research
can focus on adding surface features to further develop and improve the accuracy of
SLAM systems in complex environments and real-world applications such as robotics and
autonomous navigation.

DyGS-SLAM is an advanced and dynamic SLAM framework designed to solve the
challenges of dense and high-quality reconstruction in dynamic environments in [64] in
2025. Unlike traditional V-SLAM systems that deal with low-precision maps and discontin-
uous surfaces, DyGS-SLAM uses 3D Gaussian functions as the main map representation.
By combining semantic segmentation and multi-view geometry, this method effectively
filters out dynamic points and ensures accurate camera position tracking in dynamic envi-
ronments. A background restoration module also reconstructs static structures covered by
dynamic objects, enabling the creation of dense and high-quality static maps. On bench-
mark datasets such as TUM RGB-D, Bonn, and Replica, DyGS-SLAM has demonstrated
industry-leading performance and delivers comparable or even higher accuracy than clas-
sic dynamic SLAM algorithms [64]. Like other Gaussian-based techniques, DyGS-SLAM
currently has issues with real-time performance, which makes offline applications a better
fit. Notwithstanding this drawback, this framework represents a significant advancement
in dynamic SLAM since it addresses two significant issues at once: managing dynamic
scenes and accomplishing dense reconstruction of high quality.

Visual Geometry Grounded Transformer (VGGT) is a feed-forward neural network
model for 3D vision tasks that jointly estimates dense geometry, camera parameters, depth
maps, and point tracks from one or more views without iterative geometric optimiza-
tion. It infers all key 3D scene attributes in a single forward pass, making it efficient and
well-suited for real-time or near-real-time applications in 3D reconstruction and multi-
view perception [101]. Building on this foundation, VGGT-SLAM is a dense RGB SLAM
system that extends VGGT for simultaneous localization and mapping. It creates dense
submaps from monocular RGB video using VGGT’s feed-forward reconstruction, then
globally aligns these submaps by optimizing transformations on the Special Linear Group
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of degree (SL) 4 manifold to resolve projective ambiguities inherent in uncalibrated monoc-
ular inputs [69]. This approach produces globally consistent maps over long sequences
by estimating 15 degrees of freedom homography transforms between submaps and in-
corporating loop closure constraints. Recent extensions like VGGT-SLAM 2.0 introduce
factor-graph optimization, attention-based loop closure verification, and cross-modal (e.g.,
LiDAR-augmented) support to further enhance accuracy and real-time performance while
maintaining dense reconstruction fidelity [70].

3.4. Four-Dimensional (4D) (Spatio-Temporal) Reconstruction Methods

Four-dimensional (spatio-temporal) reconstruction extends static 3D reconstruction
by explicitly modeling geometry over time, producing a temporally consistent sequence of
3D shapes (or an equivalent space-time representation) rather than a single static model.
In contrast to static reconstruction, dynamic content introduces additional challenges,
including non-rigid motion, occlusions, topology changes, motion blur, and the need to
maintain temporal coherence, i.e., stable correspondences and consistent surfaces across
frames [102]. Consequently, 4D methods typically integrate spatial reconstruction with
temporal constraints such as tracking, scene flow, deformation models, or learned mo-
tion priors. From a methodological viewpoint, the literature can be discussed through
complementary subdomains, including human performance capture, general dynamic
scene reconstruction, sensor-driven non-rigid fusion (often RGB-D), and learning-based
spatio-temporal representations (e.g., neural fields or Gaussian-based dynamic models).

A substantial portion of early 4D research focused on human performance capture
under multi-view acquisition. Carranza et al. (2003) presented free-viewpoint video of
human actors, demonstrating a multi-view pipeline for estimating a time-varying 3D
representation that can support novel-view rendering and temporally varying geome-
try [71]. Building on multi-view capture while relaxing acquisition constraints, Ref. [72]
investigated performance capture from sparse multi-view video. Their approach estimates
spatio-temporally coherent dynamic geometry by combining surface- and volume-based
deformation within an analysis-by-synthesis framework that extracts motion constraints
from the video and fits a template to the observed motion; additionally, time-varying
surface detail is refined using a model-guided multi-view stereo stage [72]. Together, these
works reflect a progression from dense multi-camera setups toward more practical cap-
ture conditions, while maintaining the central requirement of temporal consistency in the
reconstructed surfaces.

More recent work has explored how learning-based components can reduce reliance
on dense multi-view systems and enable reconstruction from more limited inputs. Ref. [73]
extended DeepCap toward monocular dense human performance capture with tempo-
rally coherent geometry and frame-to-frame correspondences. The method is trained in a
weakly supervised manner using multi-view supervision (without explicit 3D ground-truth
annotations) and factorizes the problem into pose estimation and non-rigid surface de-
formation [73]. This direction illustrates how learning-based pipelines can complement
geometric constraints when the available views are limited, while still emphasizing tempo-
rally stable reconstructions.

Beyond human-centric settings, 4D reconstruction also addresses general dynamic
scenes containing multiple moving objects and non-rigid elements. Ref. [103] proposed
a framework for temporally coherent general dynamic scene reconstruction targeting
wide-baseline camera configurations that may be static or moving. The method aims
to produce a 4D representation with temporal coherence while avoiding strong prior
assumptions about scene content, thereby improving robustness relative to per-frame
(independent) reconstruction pipelines in complex dynamic environments [103]. This line
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of work highlights that temporal coherence is not only a refinement step, but often a core
requirement for maintaining stable geometry in dynamic scenes.

Finally, recent learning-based representations have introduced alternative ways to
model spatio-temporal variation, particularly in settings where only monocular video is
available. Ref. [74] proposed a dynamic reconstruction approach based on deformable 3D
Gaussians, using a spatio-temporal Gaussian representation to model scene dynamics from
single-view input. This family of methods is typically discussed in the context of learned
spatio-temporal representations, where dynamic motion and appearance are captured
by optimizing a compact set of primitives over time, and where reconstruction quality
depends on how effectively temporal deformation and regularization are enforced [74].

4. Keyframe Extraction from Video

The previous section described various strategies for video-based 3D reconstruction,
including photogrammetry, V-SLAM, and hybrid methods. A critical step common to many
of these methods is the extraction of keyframes from the video data, which helps reduce
redundancy and ensures the selection of informative frames that contribute to the accuracy
of the final 3D reconstruction. Given that video sequences often contain thousands of
frames, many of which are redundant or of insufficient quality, keyframe extraction plays a
vital role in ensuring that only the most useful frames are processed. This not only helps to
reduce computational load but also improves the overall efficiency and effectiveness of the
reconstruction pipeline.

In practice, video sequences typically contain large numbers of highly redundant
frames, and only a subset provides distinct viewpoints and sufficient image quality for
stable pose estimation and accurate 3D reconstruction. Increasing the number of frames
does not necessarily improve reconstruction quality due to several factors: (i) consecutive
frames often contribute limited new geometric information, (ii) low-quality frames (e.g.,
motion blur, rolling shutter distortion, poor exposure) can introduce outliers during feature
matching and bundle adjustment, and (iii) computational cost and memory requirements
grow substantially with dataset size. In large-scale reconstructions, even small residual
calibration or synchronization errors can accumulate and manifest as increased noise
compared with smaller, carefully selected image sets. For these reasons, selecting a compact
set of informative keyframes is commonly more effective than processing all frames. Rashidi
et al. reported that, for 25 fps video, extracting only a small fraction of frames (on the order
of 7-10%) can be sufficient to obtain accurate reconstructions while reducing redundant
computation [104]. Consequently, keyframe extraction is a practical prerequisite for scalable
video-based 3D reconstruction, and the remainder of this section reviews representative
selection criteria and methods.

Geometry-based selection strategies primarily aim to preserve camera baselines and
view diversity while maintaining adequate overlap for robust matching. Ref. [75] presented
a keyframe selection approach for geotagged user-generated videos, where geo-data are
used to select frames with minimal redundancy in spatial coverage. The method evaluates
spatial relationships among candidate frames using a multi-structured Hilbert space kernel
reconstruction [75]. While this approach is conceptually effective for coverage-aware
selection, its processing-time requirements may limit practical use in large-scale pipelines.

Quality-based methods reject frames that are likely to degrade matching or opti-
mization, commonly using metrics related to blur, texture content, illumination, and
feature-track stability. In practice, these criteria are often used as a pre-filter before
geometry-based selection, ensuring that selected keyframes provide both suitable view-
point change and reliable image evidence. In the UAV-based approach of Zhang et al.
(2017), for example, candidate frames are screened using an image-quality criterion before
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geometric validation, which reduces the risk of selecting frames that produce unstable
correspondences [39,105]. Such quality filters are especially important for handheld or
fast-motion videos, where motion blur and exposure variation can be frequent.

Sensor-assisted strategies leverage auxiliary measurements (e.g., IMU, GPS) to detect
blur-inducing motion, reduce redundancy, or estimate viewpoint change without expensive
image-only processing. Ref. [106] captured video with an IMU-equipped camera and
trained a Random Forest classifier using inertial data to identify motion-blur-free frames
and reduce redundancy. Motion blur labels were generated using Fourier-based analysis
and Lucas-Kanade tracking, and the selected frames were subsequently reconstructed
using Meshroom [106]. The method achieved performance close to ideal frame selection
in their experiments, but also accepted some partially degraded frames as keyframes [38].
Because only accelerometer data were used as selection cues, the approach reduces reliance
on computationally intensive image processing, yet it may require additional sensing
signals (e.g., gyroscope) or stronger decision criteria to improve reliability across diverse
motion patterns.

Learning-based selection methods aim to predict keyframe utility directly from data.
These methods leverage deep learning to predict the utility of frames, considering factors
such as tracking stability, redundancy reduction, and contribution to the overall map qual-
ity. For instance, Ref. [76] introduced a learning-based keyframe insertion strategy using a
lightweight neural model that encodes the current SLAM state and predicts whether an in-
coming frame should be promoted to a keyframe. This model reduces reliance on manually
tuned insertion rules, enabling a more adaptive and efficient reconstruction process [76].
Similarly, Ref. [107] developed a joint deep learning framework for monocular SLAM,
where keyframe detection is integrated with visual odometry estimation, enhancing both
pose estimation and reconstruction accuracy. The model simultaneously optimizes both
tasks, ensuring that the selected frames contribute meaningfully to the 3D mapping process
by learning the mutual dependency between keyframe selection and odometry [107].

Recent advancements in learning-based keyframe selection methods further refine the
process of selecting frames that contribute to high-quality 3D reconstructions. For exam-
ple, Ref. [108] proposed a method that integrates Gaussian splatting for mesh extraction,
emphasizing the need for efficient frame selection in architectural heritage reconstruction.
This approach ensures that frames with minimal redundancy and high visual clarity are
used in the reconstruction process, improving both the speed and accuracy of the final
3D mesh. Their work demonstrates that a robust keyframe selection strategy is integral
to creating high-quality 3D models, especially when working with large-scale, heritage
structures [108].

In a similar vein, Ref. [77] introduced the K-HOG Unsupervised Keyframe Identifier
(K-HUKI), which uses HOG (Histogram of Oriented Gradients) features and unsupervised
learning to identify keyframes in dynamic, action-rich video sequences. This method
automatically selects frames based on motion and scene changes, making it highly suitable
for real-time video processing where manual frame selection would be computationally
expensive. This work highlights how unsupervised learning can be employed to auto-
matically identify useful keyframes in video, eliminating the need for manually labeled
datasets [77].

Moreover, Ref. [78] presented RAMDepth, a method for range-agnostic multi-view
depth estimation. Their framework uses learned keyframe selection strategies to ensure
that the most informative frames are chosen for depth estimation, which is essential for
3D reconstruction in environments where the scene’s range information is not known a
priori. By optimizing the selection of keyframes, RAMDepth improves depth accuracy,
which significantly enhances the final 3D model’s fidelity [78].
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Attention-based deep learning methods are also gaining traction in the keyframe
selection process. Ref. [79] developed a model that uses an attention mechanism within
deep neural networks to prioritize keyframes that contain the most useful information
for reconstruction. By focusing the model’s attention on high-quality, distinct frames, this
method improves both the efficiency of frame selection and the overall quality of the 3D
reconstruction. This technique represents a significant step forward in making keyframe
selection more adaptive and data-driven [79].

While keyframe extraction determines which frames should be processed, reconstruc-
tion performance also depends strongly on the quality of feature extraction within each
selected frame. Feature extraction identifies salient keypoints and computes descriptors,
enabling reliable correspondences across frames. The robustness and repeatability of these
features directly affect camera pose estimation, bundle adjustment stability, and the accu-
racy and completeness of the reconstructed geometry. Consequently, in videogrammetry
and V-SLAM, keyframe selection and feature detection should be considered complemen-
tary stages that jointly balance computational efficiency and geometric fidelity.

Classical local feature methods such as SIFT [109], SURF [110], and ORB [111] re-
main widely used in SfM and SLAM due to their relative invariance to scale, rotation,
and moderate illumination changes. ORB, in particular, provides an efficient binary de-
scriptor that supports real-time operation in feature-based SLAM pipelines. However,
handcrafted features may still be less reliable in low-texture regions and under motion blur
or significant illumination variation. Learning-based detectors and descriptors—including
SuperPoint [112], R2D2 [113], and D2-Net [114]—have been introduced to improve robust-
ness by learning repeatable keypoints and descriptors from data, often providing stronger
performance under viewpoint and appearance changes.

Integrating adaptive feature extraction into keyframe selection can further reduce
redundancy and improve runtime without sacrificing reconstruction quality. For example,
controlling feature density (selecting fewer but more informative keypoints) can reduce
matching and optimization cost while maintaining sufficient constraints for stable tracking
and mapping; this principle is consistent with keyframe-based SLAM designs that manage
computational load through selective insertion and local optimization [53]. In addition,
hybrid pipelines that combine geometric selection criteria with learned feature representa-
tions have shown potential for large-scale or dynamic settings, where improved feature
robustness can reduce failure cases caused by appearance change or partial occlusion.

Overall, keyframe selection and feature extraction are interdependent: effective
keyframe extraction should not only ensure adequate geometric coverage but also re-
tain frames containing distinctive and stable visual features that support reliable matching
and accurate 3D point triangulation.

Implementing and benchmarking keyframe extraction methods require video datasets
with ground truth trajectories and/or 3D structures, and collecting such datasets is of-
ten time-consuming and costly. Therefore, public benchmark datasets are commonly
used for evaluation and comparison. Among widely used resources, KITTI is frequently
adopted in related studies, alongside datasets that provide different sensor configurations
(mono/stereo/RGB-D, IMU, LiDAR) and environments (indoor/outdoor). Figure 5 shows
some of the relevant datasets in the context of videogrammetry as well as their attributes.
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Figure 5. A schematic overview of popular and benchmark datasets in videogrammetry, marked
with the year of publication and important details like sensor types (RGB-D, Stereo, Mono, LiDAR,
IMU), data acquisition environment (indoor/outdoor), ground truth availability, and GPS support.
These datasets are crucial for the assessment and development of algorithms for visual localization
and 3D reconstruction [115-123].

5. Discussion

Video-based 3D reconstruction sits at the intersection of photogrammetry, multi-view
geometry, and real-time robotic perception. Although the core building blocks—pose
estimation, depth inference, and fusion—are well established, video introduces constraints
that do not appear in ordinary image collections, including strong frame redundancy,
motion blur, rolling shutter effects, exposure variation, and long-sequence drift. For this
reason, the practical performance of StM/MVS and V-SLAM is not determined only by
algorithm design, but also by how efficiently a pipeline selects frames, extracts stable
features, and manages computation under hardware limits. In this section, the evolution of
research activity is first grounded using a bibliometric analysis of SCOPUS records, and
the discussion then synthesizes method trade-offs, open challenges, and future research
directions for video-based reconstruction.

5.1. Statistical Analysis and Evolution of Research Activity

Reconstructing a 3D environment from image observations is commonly referred
to as 3D reconstruction, with outputs ranging from camera trajectories and sparse point
clouds to dense point clouds and textured surface models depending on the application.
To assess research trends in this domain, SCOPUS records were analyzed using relevant
keywords for major video-related reconstruction families. The search was restricted to
journal articles and limited to records published up to the end of 2024. Overall, SfM,
MVS, V-SLAM, and videogrammetry collectively account for approximately 6863 journal
publications, indicating sustained and growing interest in both offline reconstruction and
online mapping.

Figure 6 summarizes annual publication trends for the four topics. SfM appears as
one of the earliest and most established research lines, with activity dating back to the late
1970s and showing strong growth from the early 2000s onward. The pronounced increase
after the mid-2010s is consistent with wider access to GPU computing and large-scale
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optimization toolchains, as well as the increasing use of learning-based components that
interact with SM/MVS pipelines (e.g., feature robustness, depth priors). In our SCOPUS
analysis, a substantial portion of SfM publications occur after 2020, reflecting continued
relevance in large-scale mapping and photogrammetric workflows.

Videogrammetry emerges earlier than many modern learning approaches but shows
comparatively limited independent growth, likely because the concept overlaps with
SfM/MVS when video is treated as a source of frames. This trend suggests that videogram-
metry as a video-specific research focus remains under-explored and may offer opportu-
nities for targeted contributions, especially in topics such as dynamic scenes, streaming
pipelines, and evaluation protocols tailored to video constraints.
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Figure 6. Annual publication trends in various fields related to 3D reconstruction and videogramme-
try, including (a) structure from motion, (b) videogrammetry, (c) visual SLAM, and (d) multi-view
stereo systems. The charts are based on SCOPUS database records, with highlighted points indicating
periods of significant changes in publication growth trends.

MVS research (dating back to the late 1990s) follows a trajectory closely tied to compu-
tational capacity, since dense depth estimation and fusion are inherently expensive. Your
SCOPUS trend shows notable growth after the mid-2010s and increased activity in recent
years, consistent with rising demand for dense, visually complete models across mapping,
robotics, and digital twin applications.

V-SLAM research (starting in the early 2000s) shows strong growth in recent years,
reflecting the increasing demand for real-time localization and mapping in autonomous
systems, AR/VR, and mobile robotics. This shift toward online operation also explains
why modern V-SLAM studies increasingly incorporate efficient representations, better loop
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closure strategies, and—more recently—learning-based modules to improve robustness
under challenging video conditions.

5.2. Method Selection Under Video Constraints: Trade-Offs and Open Challenges

Cross the reviewed literature, video-based reconstruction presents a practical trade-off
between accuracy and density on one side and latency and computational efficiency on the
other. Photogrammetry-oriented pipelines are typically preferred when metric accuracy
and dense surface quality are required. Given adequate overlap, baseline variation, and
stable image quality, these methods can produce dense point clouds and meshes suitable
for measurement and documentation tasks, but they remain computationally demanding
and are commonly applied offline for large-scale scenes or high-resolution inputs. In
contrast, V-SLAM systems prioritize real-time operation by estimating motion online and
maintaining a map for continuous localization. This makes them suitable for robotics and
AR/VR, but maps are often sparse or semi-dense unless additional densification modules
are used, and long trajectories may accumulate drift if loop closure is unreliable or if revisits
are limited.

These trade-offs are amplified by three persistent open challenges in video-
based reconstruction:

L Dynamic scenes;
IL Drift and long-term consistency;
II. Real-time dense reconstruction.

The challenge of dynamic scenes in video-based reconstruction occurs when moving
objects disrupt data association and geometry estimation. Photogrammetry-based pipelines,
which rely on static environments, face difficulties in such scenarios. While these methods
can produce accurate reconstructions for static objects (as demonstrated by the methods
from [46,47], they struggle with moving elements that introduce false correspondences.
To address this, learning-based and hybrid methods—such as DROID-SLAM [67]—have
incorporated dynamic scene handling into their systems by introducing deep learning
models for feature extraction, depth estimation, and loop closure. These systems, like
DynPL-SLAM [74], integrate point and line features to manage dynamic objects, signifi-
cantly improving localization accuracy in scenes with motion.

Drift in video-based reconstruction systems remains a fundamental issue in long
sequences, particularly in V-SLAM systems. While loop closure and global optimiza-
tion methods are key solutions, their effectiveness is highly dependent on reliable place
recognition. V-SLAM methods such as ORB-SLAM2 [53] and VisFusion [56] address drift
by employing loop closure and map optimization, yet challenges arise when loop clo-
sure is unreliable or revisits are sparse. Methods like DyGS-SLAM [64], which combine
Gaussian-based scene modeling with multi-view geometry, offer promising solutions for
real-time mapping with reduced drift, especially when applied in dynamic environments.
These hybrid approaches balance the accuracy of feature-based methods with the robust-
ness of learned representations, which can more effectively handle drift in long trajectories.

Achieving real-time dense reconstruction while maintaining high-quality geometry
remains a computational challenge. Depth estimation and fusion are inherently expen-
sive processes, and errors can quickly accumulate in streaming settings. Learning-based
approaches, such as NeuralRecon [65], address this by employing neural networks to
progressively refine 3D surfaces. These methods offer improvements in speed and accu-
racy, especially for monocular video input. However, maintaining dense reconstruction
on mobile or embedded hardware remains a bottleneck. The VGGT and VGGT-SLAM
systems [69], which combine feed-forward neural networks for 3D vision tasks, offer a
more efficient solution by processing scene attributes in a single forward pass. This makes
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them well-suited for real-time applications, though they still face challenges with hard-
ware limitations. Similarly, learning-based methods like SimpleRecon [57] optimize depth
estimation without relying on computationally expensive 3D convolutions, improving
efficiency for real-time applications.

From a pipeline perspective, these challenges also explain why keyframe selection
and feature robustness repeatedly emerge as bottlenecks: selecting inappropriate frames
(e.g., blurred, redundant, or low-texture) increases outliers and destabilizes optimization,
while weak or inconsistent features reduce geometric constraints and degrade both SLAM
tracking and SfM/MYVS convergence. Figure 7 summarizes relationships among input
types, processing stages, typical outputs, and associated computational cost, providing a
practical reference for method selection under application and hardware constraints.

5 . Sparse point cloud
[~ . Low Cost
- . Localisation .
Low input
Stereo Image Vslam Require
| Medium i
) . edium input
3D reconstruction - @ Series of images - Require
Input u 5% l Dense point cloud
Video
Video, et
Single Tiage F;mm LY, Texured Model
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Deep leaning Based High ing
gh input
|| [ Require
S/ \ VAN / \ /J \ /
| | I 1 |
Input Data Method Output Processing Cost Input Reuire

Figure 7. Flowchart of 3D reconstruction processes, comparing types of input data (e.g., single
image, video, image sets, stereo images), applied methods (such as StM, MVS, SLAM, and deep
learning-based approaches), resulting outputs (sparse point cloud, dense point cloud, textured
models, etc.), processing cost, and input data requirements. This visual representation highlights
the interrelations between these factors and serves as a reference for selecting suitable techniques in
various 3D reconstruction applications.

Based on Figure 7, the choice of a reconstruction pipeline depends strongly on the
target application and the available computational budget. Learning-based approaches can
support dense and visually complete reconstructions (e.g., textured surface models), but
they typically require substantial computational resources and large training datasets or
extensive input data. In contrast, geometry-driven methods such as StM and MVS often
have lower data and hardware requirements and therefore remain practical options for
resource-constrained settings, particularly when offline processing is acceptable. Overall,
method selection involves balancing reconstruction fidelity and completeness against
runtime, hardware constraints, and the quantity and quality of available input data.

5.3. Future Directions

Future work is likely to focus on narrowing the gap between the geometric reliability
of photogrammetry and the responsiveness of V-SLAM. One promising direction is the
development of hybrid pipelines that support online operation while enabling periodic
refinement for metric accuracy (e.g., SLAM for tracking and coarse mapping, complemented
by selective densification and global refinement). The success of such systems depends on
adaptive policies that control how much of the video stream is processed and when.

A particularly promising area of exploration is the integration of pipelines, which
could involve combining the real-time capabilities of V-SLAM with the global accuracy
and completeness of Structure-from-Motion (SfM) techniques. The integration of these
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Video Based
3D reconstruction

pipelines could provide a robust solution for dynamic reconstruction scenarios, offering
the best of both worlds: real-time operation and high accuracy.

Two technical directions are particularly important for scalability. First, adaptive
keyframe selection strategies should move beyond fixed-rate sampling and instead select
frames based on expected contributions to pose stability and model completeness under
explicit compute budgets. Second, selective and reliability-aware feature extraction should
match processing to scene difficulty, using stronger (potentially learned) features when
necessary while retaining geometric verification to preserve consistency.

Additional directions include improved robustness in dynamic environments, where
semantic filtering, motion-consistency constraints, and background restoration can help
maintain stable maps while handling moving objects. Multimodal sensor fusion (IMU,
stereo/RGB-D, LiDAR) can reduce failure cases in low texture, poor illumination, and
fast motion, provided calibration, synchronization, and confidence weighting are handled
carefully. Finally, progress would benefit from more standardized evaluation protocols that
report not only accuracy but also robustness, completeness, runtime, and failure modes
under realistic capture conditions. Figure 8 summarizes the main classes of video-based
reconstruction methods and their key stages, providing a high-level taxonomy to support
method selection and identify open research directions.

. Motion Estimation
Vslam ANN Methods
. Feature Extraction

And Matching

Photogrammetry Loop Closure Traditional Methods
Based or Bundle Adjustment
-

Dens-ching

Figure 8. This diagram illustrates the categorization of video-based 3D reconstruction methods,
divided into two main approaches: V-SLAM and Photogrammetry. These methods encompass key
stages such as keyframe extraction, motion estimation, feature extraction and matching, loop closure
or bundle adjustment, and dense matching, which are further classified into artificial neural.

In recent years, advances in machine learning—particularly deep learning—have
increasingly influenced 3D reconstruction pipelines, leading to a growing number of
ANN-based and hybrid approaches that complement classical geometric methods. Nev-
ertheless, the geometric reliability of purely learning-driven reconstructions can still be
insufficient for metrology-grade or survey-level applications, especially when general-
ization outside the training distribution is required. The taxonomy in Figure 8 therefore
provides a structured view of video-based reconstruction methods and their main process-
ing stages, helping to clarify methodological relationships and highlight emerging research
directions across photogrammetry, V-SLAM, and learning-assisted pipelines.

6. Conclusions

This review provides a comprehensive exploration of video-based 3D reconstruction,
emphasizing that the future of the field lies in overcoming the persistent challenges of
balancing accuracy and real-time performance. The core insight from this study is that
performance in video-based reconstruction is not only dependent on the underlying algo-
rithms but also significantly influenced by how data is managed, particularly through the
careful selection of keyframes. Efficient data management, including optimizing frame se-

https:/ /doi.org/10.3390/jimaging12030128


https://doi.org/10.3390/jimaging12030128

J. Imaging 2026, 12, 128 25 of 30

lection, is critical for improving both computational feasibility and geometric stability. The
increasing complexity of dynamic scenes and the need to handle large-scale environments
make real-time reconstruction a challenging but crucial goal.

A bibliometric analysis of SCOPUS journal records up to the end of 2024 highlights
a sustained and growing interest in the field, with SfM leading in terms of publications
(4607), followed by V-SLAM (1115) and MVS (933). Videogrammetry, though currently less
explored (208 publications), holds clear potential for future growth as video-first workflows
and streaming evaluation become more prominent. This shift suggests that more focused
efforts on videogrammetry could yield valuable advancements, particularly as video-based
methods are increasingly integrated into real-time systems.

Despite the significant progress in video-based 3D reconstruction, several limitations
persist that need to be addressed in future research. These include the challenge of manag-
ing dynamic content in real-world environments, the difficulty of maintaining high-quality
geometry in real-time, and the risk of long-term drift in large-scale settings. Furthermore,
while hybrid systems show promise in combining the strengths of high-accuracy methods
with real-time solutions, these approaches still require refinement, particularly in adaptive
data selection and handling complex scenes. To drive further progress, the development
of standardized evaluation protocols will be essential to ensure comparability and to ac-
celerate the practical adoption of these technologies in industries that rely on real-time
3D mapping.
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