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Abstract 

Augmented reality can enhance human perception to experience a virtual-reality 

intertwined world by computer vision techniques. However, the basic techniques 

cannot handle complex large-scale scenes, tackle real-time occlusion, and render 

virtual objects in augmented reality. Therefore, this paper studies potential solutions, 

such as visual SLAM and image segmentation, that can address these challenges in the 

augmented reality visualizations. This paper provides a review of advanced visual 

SLAM and image segmentation techniques for augmented reality. In addition, 

applications of machine learning techniques for improving augmented reality are 

presented.  
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1 Introduction 

Nowadays, augmented reality (AR) has coexisted the real world with virtual objects. 

The technology has increased human experience in a virtual-reality intertwined world. 

It has grown in popularity over the last ten years, moving from laboratories into various 

real-life scenes (Van Krevelen & Poelman, 2010). However, there are numerous issues 

in AR, leading to the rise of innovations (Masood & Egger, 2019). Outdoor AR systems 

face challenges such as handling complex large-scale scenes, dealing with real-time 

occlusion, and rendering virtual objects. Although image segmentation could address 

the issues, it requires collaboration with other advanced techniques (Roxas et al., 

2018). The collaboration is critical in the future trend of AR applications. Since 

traditional methods for sharing accurate spatial information are insufficient, various 

machine learning algorithms have been proposed to achieve low-cost and high-
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efficiency future collaboration systems (Zou et al., 2019). The volume of mobile and 

industrial AR applications is growing at an exponential rate; however, previous high 

latency, low precision, and unfriendly user experience have hampered the widespread 

adoption of AR systems (Huang et al., 2013). To overcome these limitations, 

registration (Hoff et al., 1996), tracking (Runz et al., 2018), image segmentation 

(Kirillov et al., 2019) and occlusion (Tang et al., 2020) approaches have been proposed 

with machine learning-improved visualization techniques, i.e., visual SLAM (vSLAM) 

and image segmentation. This paper provides an overview of the main obstacles of the 

AR visualizations and their potential solutions. The most recent computer vision 

technologies are concentrated, particularly machine learning-enhanced innovative 

technologies. 

To date, there exists a lack of comprehensive literature review on the topic of applying 

the latest machine learning-improved computer vision in AR systems. However, there 

are some literature reviews related to other research communities in the AR systems, 

which are shown in Table 1.  

As part of the digital transformation of industry, AR improves industrial efficiency, 

safety, compliance, and costs. Ling et al. (2017) discussed commercial trends in 

industrial AR. Palmarini et al. (2018) conducted a systematic literature review to 

identify the most relevant industrial AR technical limitations. Li et al. (2018) examined 

various Virtual Reality (VR) / AR prototypes, products, and training evaluation 

paradigms. Gattullo et al. (2020) systematically reviewed the literature on visual assets. 

Egger et al. (2020) investigated the current challenges and future directions of AR 

manufacturing. Costa et al. (2022) provided an overview of the current state of the art 

in AR human-robot collaboration and future development trends. Notably, user 

research on AR cybersecurity applications is severely lacking. Alzahrani et al. (2022) 

identified, described, and synthesized research findings on the cybersecurity of the AR 

industry.  

Visual tracking is a fundamental task in AR and has been an active research topic for 

many years. Kalkofen et al. (2011) pioneered the spatial integration of virtual objects 

in real-world settings. Rabbi et al. (2012) identified the difficulties of tracking an object 

in an unfamiliar environment. Billinghurst et al. (2015) investigated general tracking 

and displaying techniques. Li et al. (2018) reviewed the most recent deep learning-

based tracking methods and divided them into three categories based on network 

structure, functionality, and training. The tracking methods used in AR-based robot 

maintenance are qualitatively evaluated (Koh et al., 2020). Jiao et al. (2021) reviewed 

the critical advances made by deep learning, including deep feature representations, 

network architecture, and four critical issues in visual tracking (e.g., spatiotemporal 

information integration, target-specific classification, target information update, and 



bounding box estimation). Zhu et al. (2022) provided an overview of AR visual object 

tracking on RGB-D videos. 

Augmented reality provides users with an engaging, memorable, and impactful 

interactive experience, resulting in a digital world that closely resembles our physical 

world and offers a new perspective on reality. Rabbi et al. (2013) concentrated on AR 

hardware and user experience (UX). Irshad et al. (2014) summarized the UX of AR and 

identified areas where research was lacking. A thorough and detailed review was 

presented to assist AR developers in focusing on UX improvement by Irshad et al. 

(2017). The most influential AR user studies were presented by Dey et al. (2018). 

Recent AR systems have offered a range of device-specific interaction options and 

tailored solutions for delivering immersive experiences to users, but with an inherent 

lack of standardization across devices and applications. To address this issue, a 

systematic review and evaluation of explicit, task-based interaction methods in 

immersive environments are presented (Spittle et al., 2022).  

The original clunky and poor user experience has been transformed by mobile AR, 

which you can take with you wherever you go, often on a smartphone device. The 

number of mobile AR users is increasing as hardware devices improve. AR network 

implications were highlighted by Westphal et al. (2017). Braud et al. (2017) 

investigated AR applications and their external infrastructures. Goh et al. (2019) 

provided context for AR 3D mobile interaction. Lee et al. (2022) reviewed the field of 

human interaction in connected cities, focusing on AR-driven interaction.  

Most existing reviews of AR literature have paid less attention to visualization 

principles. This paper comprehensively reviews machine learning-enhanced AR 

visualization applications using vSLAM and image segmentation. The fundamental 

principles of technology are summarised, and various novel methods are compared. 

An extensive literature review is used to investigate existing solutions and potential 

future works. 

The remainder of the paper is organized as follows. Sections 2 and 3 introduce the 

fundamental principles, novel machine learning-based frameworks, and collaborative 

architectures of vSLAM. Section 4 provides an overview of image segmentation and its 

most recent deep learning variants. Section 5 presents using image segmentation to 

handle environmental understanding and object occlusion in AR applications. Section 

6 discusses a fusion AR system that implements advanced visual SLAM and image 

segmentation to improve current AR performance. Lastly, conclusions are provided in 

Section 7.  



Table 1. A summary of AR related literature reviews. 

Reference

Industrial AR Visual Tracking User experience Mobile 

App. Par. Col. Cha. Sec. Gen. Tra. Obj. DL. Cha. Gen. Sta. Cha. Imp. Net. Int. 

Kalkofen et al. 

(2011) 
√ √ √ √

Rabbi et al. 

(2012) 
√ √ √

Rabbi et al. 

(2013) 
√ √ √ √ √ √ √ √

Irshad et al. 

(2014) 
√ √ √ √ √

Billinghurst et 

al. (2015) 
√ √ √ √ √ √ √ √ √

Braud et al. 

(2017) 
√ √ √ √ √ √

Irshad et al. 

(2017) 
√ √ √ √



Ling et al. 

(2017) 
√ √ √ √ √ √ √ √ √ √

Westphal et 

al. (2017) 
√ √ √ √

Dey et al. 

(2018) 
√ √ √ √ √ √ √ √ √ √

Li et al. (2018) √ √ √ √

Palmarini et 

al. (2018) 
√ √ √ √ √ √ √ √ √

Goh et al. 

(2019) 
√ √ √ √ √ √ √ √

Egger et al. 

(2020) 
√ √ √ √ √ √ √

Gattullo et al. 

(2020) 
√ √ √ √ √ √

Koh et al. 

(2020) 
√ √ √ √ √ √

Jiao et al. 

(2021) 
√ √ √



Where app. = application, par. = paradigm, col. = collaboration, cha. = challenge, sec. = security, gen. = general, tra. = tracker, obj. = object, dl- = 

dl-based, std. = standardization, imp. = improvement, net. = network, int. = interaction.

Alzahrani et al. 

(2022) 
√ √ √ √ √ √ √ √

Costa et al. 

(2022) 
√ √ √ √ √ √ √ √ √ √

Lee et al. 

(2022) 
√ √ √ √ √ √ √ √ √

Spittle et al. 

(2022) 
√ √ √ √ √ √ √ √

Zhu et al. 

(2022) 
√ √ √ √ √ √ √



2 A Brief of visual SLAM

This section provides an overview of vSLAM, a technology that uses visual information 

to calculate the position and orientation of devices and creates maps of an unknown 

environment with scene structures. The development of machine learning-improved 

vSLAMs in the past ten years has been classified.

2.1 Basic Framework of vSLAM

The vSLAM framework is composed of five modules: sensing, visual odometry (VO), 

mapping, optimization, and loop closing (Taketomi et al., 2017) (see Figure1). Sensor 

data (i.e., monocular, stereo, and RGB-D) are collected by sensing. VO defines a global 

coordinate system in an unknown environment for estimating camera pose and 

reconstructing the 3D scene. In VO, feature matching and tracking are for finding the 

2D-3D correspondence between 2D images and 3D reconstructed maps, and the 

perspective-n-Point (PnP) algorithm is for calculating camera pose (Klette et al., 1998; 

Nistér & Stewénius, 2007). When cameras detect a new environment, 3D structures 

are expanded and calculated using mapping, and a relocalization module is used to 

track lost response. The optimization employs the entire map information to reduce 

accumulative estimate error and make fine-grained adjustments. The current image is 

cyclically matched with previous ones during loop closing to revise the accumulative 

error. 

Figure 1. Basic Framework of vSLAMs.



2.2 Various vSLAM Methods 

In this section, three main types of vSLAM, such as feature-based (see Table 2), direct 

(see Table 3) and RGB-D (see Table 4) are discussed (Taketomi et al., 2017).  

The most representative feature-based vSLAMs are MonoSLAM (Davison, 2003; 

Davison et al., 2007), PTAM (Klein & Murray, 2007) and ORB-SLAM (Mur-Artal & Tardós, 

2017). MonoSLAM is the first monocular vSLAM (Davison, 2003; Davison et al., 2007), 

using an extended Kalman filter (EKF) to estimate the feature points and camera 

motions. However, MonoSLAM is rarely used in real-time applications since its 

computational cost is increased in an unknown environment. Therefore, the PTAM is 

proposed (Klein & Murray, 2007) with using bundle adjustment (BA) for optimization. 

It separates tracking and mapping to different CPUs and executes them in parallel, and 

runs the feature point computing on different threads (Nistér, 2004; Strasdat et al., 

2012; Williams et al., 2007), making the tracking of camera motion in real-time 

possible. Several multi-threading approaches have been proposed in light of the 

PTAM's good performance. Castle et al. (2008) developed a version of multiple maps 

of the PTAM. Klein et al. (2009) enhanced the PTAM for mobile phones. To solve the 

local minimum dilemma in the PTAM (Mei et al., 2009), Mur-Artal et al. (2014) 

proposed ORB-SLAM. ORB-SLAM has become the most widely used feature-based 

monocular vSLAM in the literature and industrial products by expanding stereo vSLAM 

with RGB-D vSLAM of sensing and combining BA with 7 DoF pose graph in optimization 

(Mur-Artal & Tardós, 2017). The performance of current visual SLAM algorithms 

degrades significantly in dynamic scenarios due to the disturbance of dynamic objects. 

Cheng et al. (2019) proposed a novel method that uses optical flow to distinguish and 

eliminate dynamic feature points from extracted ones when RGB images are used as 

the only input to address this issue. Liu et al. (2019) presented an energy-efficient 

architecture for a real-time ORB-based visual SLAM system by accelerating the most 

time-consuming stages of feature extraction and matching on the FPGA platform. Kiss-

Illés et al. (2019) proposed GPS-SLAM, an augmented version of Oriented FAST and 

Rotated BRIEF feature detector ORB-SLAM that uses GPS and inertial data to make the 

algorithm capable of dealing with low frame rate datasets. Mur-Artal & Tardós (2017) 

developed a benchmark method in the ORB-SLAM domain. However, it consumes 

significant time for computing descriptors that never get reused unless a frame is 

selected as a keyframe. To overcome these problems, Fu et al. (2022) presented 

FastORB-SLAM, which is lightweight and efficient as it tracks key points between 

adjacent frames without computing descriptors. 

Feature-based vSLAMs perform well in simple scenes, but fall short in complex 

environments (Eade & Drummond, 2006; Hirose & Saito, 2012). Direct vSLAMs have 

been proposed for a variety of scenarios, with photometric consistency used to 

measure error rather than feature points or descriptors. The first direct vSLAM, DTAM 

(Newcombe et al., 2011), is popular in mobile applications (Ondrúška et al., 2015). It 



registers input images with reconstructed 3D maps, and uses depth information to 

optimize spatial continuity (Okutomi & Kanade, 1993; Rudin et al., 1992). Stühmer et 

al. (2010) extended the DTAM by analyzing the depth information for each pixel, and 

tracking with the PTAM (Klein & Murray, 2007). The LSD-SLAM (Engel et al., 2014; 

Caruso et al., 2015; Engel et al., 2015), a first semi-dense vSLAM system, was proposed 

to explore textureless areas. Following the success of semi-dense VO (Engel et al., 

2013), the LSD-SLAM randomly initializes the depth information of each pixel and only 

reconstructs the high-intensity gradient areas (Schöps et al., 2014). Forster et al. (2014) 

also proposed semi-direct VO (SVO) as a sparse version of DTAM and LSD-SLAM by 

combining feature-based and direct methods. Engel et al. (2017) pioneered the direct 

sparse odometry (DSO). This is a fully direct method that divides images into several 

blocks as inputs rather than uses whole images as SVO. Triputen et al. (2018) proposed 

methods to improve the performance metrics of a visual SLAM system. They analyzed 

the accuracy of 3D environments reconstructed using an LSD-SLAM system that 

mounts a monocular camera on a fixture of a collaborative robot. Outahar et al. (2021) 

proposed a solution to combine direct and indirect methods in order to increase 

robustness and allow AR to move seamlessly between different types of scenes. 

To capture efficient and convenient information, RGB-D cameras (Geng, 2011) (i.e., 

Microsoft Kinect (Zhang, 2012)) are used for RGB-D vSLAM. It estimates camera 

motion and constructs 3D reconstruction using depth information and iterative closest 

point (ICP) (Besl, 1992). There are several voxel-related works in RGB-D vSLAM. 

KinectFution (Newcombe et al., 2011) used depth maps in voxel space to reconstruct 

the 3D structure, whereas Kähler et al. (2015) used hashing mapping to reduce 

computational cost, leading to generalizability in mobile applications. An object-level 

RGB-D vSLAM is proposed (Salas-Moreno et al., 2013) by reconstructing accurate maps 

through pre-registered 3D objects without large amounts of data. Tateno et al. (2016) 

demonstrated a real-time algorithm for segmenting instances and labelling objects. 

With the growing popularity of RGB-D cameras, an increasing number of AR devices 

such as Google Tango2 and Structure Sensor3 provide RGB-D vSLAM APIs with stable 

estimation results, which will promote the innovation of RGB-D vSLAM. Yao et al. (2018) 

proposed a novel VO for RGB-D cameras based on edges and points, which they 

implemented on the TUM RGB-D dataset to achieve more accurate and stable 

localization in dynamic environments. Alves et al. (2020) proposed a wireless remote 

RGB-D visual SLAM solution for robots with low computational power. Dai et al. (2021) 

developed a method for removing the influence of moving objects in dynamic 

environments. 



Table 2. Feature-based vSLAMs. 

Reference System 
Map 

density

Global 

optimization

Loop 

closure
Contributions

Davison et al. 

(2003)  
MonoSLAM Sparse 

The first monocular 

vSLAM 

Klein et al. 

(2007) 
PTAM Sparse √  The first vSLAM with BA 

Castle et al. 

(2008) 

Extended  

PTAM 

Sparse √
A multiple maps version 

of PTAM 

Klein et al. 

(2009) 

Multi-Maps 

PTAM 
Sparse √

Extended PTAM for 

mobile devices 

Stühmer et al. 

(2010) 
Extended DTAM Sparse 

Analyze pixels depth 

information 

Mur-Artal et al. 

(2014) 
ORB-SLAM Sparse √ √

Widely used monocular 

vSLAM 

Mur-Artal et al. 

(2017) 
ORB-SLAM2 Sparse √ √

Expand ORB-SLAM with 

RGB-D 

Cheng et al. 

(2019) 

Extended ORB-

SLAM  
Sparse √ √

Improve ORB-SLAM for 

dynamic environment 

Liu et al. (2019) ESLAM Sparse √ √
Energy-efficient real-

time ORB-SLAM 

Kiss-Illés et al. 

(2019) 
GPS-SLAM Sparse √ √

Augmented-enhanced 

ORB-SLAM 

Fu et al. (2022)  FastORB-SLAM Sparse √ √
Lightweight and efficient 

ORB-SLAM 

Table 3. Direct vSLAMs. 

Reference System 
Map 

density

Global 

optimization

Loop 

closure
Contributions

Newcombe et 

al. (2011) 
DTAM Dense  The first direct vSLAM



Engel et al. 

(2014) 
LSD-SLAM 

Semi- 

dense 

√ √
The first semi-dense 

vSLAM 

Forster et al. 

(2014) 
SVO Sparse 

Extend DTAM and 

LSD-SLAM 

Engel et al. 

(2017) 
DSO Sparse  A fully direct method 

Triputen et al. 

(2018) 

Extended LSD-

SLAM 
Sparse √ √

Collaborative robot 

LSD-SLAM for scaled 

3D environment 

Outahar et al. 

(2021) 

Fusion LSD-

SLAM & ORB-

SLAM2  

Sparse √ √
Extend LSD-SLAM & 

ORB-SLAM2  

Table 4. RGB-D vSLAMs. 

Reference System 
Map 

density

Global 

optimization

Loop 

closure
Contributions

Newcombe et al. 

(2011) 
KinectFusion Dense 

Use depth maps in voxel 

space 

Salas-Moreno et 

al. (2013) 
SLAM++ Dense √ √

An object level RGB-D 

vSLAM 

Kähler et al. 

(2015) 

Hashing 

KinectFusion 
Dense 

Extend hashing 

KinectFusion 

Tateno et al. 

(2016) 

Extend 2.5D 

vSLAM 
Dense √

A real-time 2.5D 

semantic system 

Yao et al. (2018) 
Dynamic RGB-

D vSLAM 
Dense √ √

A RGB-D vSLAM for 

dynamic environments 

Alves et al. 

(2020) 

Remote RGB-

D vSLAM 
Dense √ √

A wireless remote 

solution for low 

computational powered 

robots 

Dai et. al. (2021) 
Dynamic RGB-

D vSLAM 
Dense √ √

A solution for eliminating 

moving objects influence



2.3 Improving vSLAM with Machine Learning 

Traditional features-based vSLAM algorithms are sensitive to changing lighting, 

dynamic targets, and under-textured environments. There are longstanding problems 

with scale-invariant feature transform (SIFT), or oriented FAST and rotated BRIEF (ORB) 

based approaches. Convolutional neural networks (CNNs) have been successful at 

learning optimal image feature representation. To avoid feature extraction and 

matching, some recent solutions have applied deep learning (DL) in VO and loop 

closure. Konda et al. (2015) developed an end-to-end deep neural network (DNN) for 

camera speed and direction prediction. Costante et al. (2015) used CNNs to deal with 

image motion blur and lighting changes. Handa et al. (2016) extended spatial 

transform network (Jaderberg et al., 2015) for end-to-end VO and image depth 

estimation. For monocular VO, an end-to-end, sequence-to-sequence probabilistic 

visual odometry (ESP-VO) framework based on deep recurrent convolutional neural 

networks (RCNN) is proposed (Wang et al., 2018). Almalioglu et al. (2018) presented a 

generative unsupervised learning framework. It predicts 6-DoF pose camera motion 

and monocular depth map of the scene from unlabelled RGB image sequences using 

deep convolutional Generative Adversarial Networks (GANs). Wang et al. (2020) 

reviewed approaches, challenges, and applications for deep visual odometry to 

understand better how DL can profit and optimize the VO systems. Traditional VO 

systems are unable to operate well in challenging environments. To address this issue, 

Zhang et al. (2021) combined the classical stereo VO system's multi-view geometry 

constraints with the robustness of DL to present an unsupervised pose correction 

network for the classical stereo VO system. Single sensor approaches are frequently 

prone to failure due to degraded image quality caused by environmental factors, such 

as camera placement. Kaygusuz et al. (2021) proposed a deep sensor fusion framework 

that estimates object motion using both pose and uncertainty estimations from 

multiple onboard cameras to address this issue. Qin et al. (2021) proposed a camera-

based localization method for tracking and recording the scanner position in real-time 

and providing a DL-based segmentation method. 

Most solutions combine neural networks in loop closing modules to fully exploit the 

high recognition rate of DL. Chen et al. (2014) implemented a novel pre-trained CNN 

network for extracting image feature. To tackle the sensitivity problem of complex 

scenes, Hou et al. (2015) extended AlexNet (Krizhevsky et al., 2012) to improve system 

robustness of illumination changes. Gao et al. (2015) provided an auto-encoder to 

extract image features for image matching. Arandjelovic et al. (2016) proposed an end-

to-end scene recognition algorithm based on vector of locally aggregated descriptors 

(VLAD). Qiu et al. (2018) demonstrated the Siamese-ResNet network, which combines 

the Siamese network with the ResNet network to detect loop closure. Duan et al. (2019) 

investigated the most recent research advances in DL-based vSLAM loop closure. Liu 

et al. (2019) used the DL point cloud description and the coarse-to-fine sequence 



matching strategy to solve the loop-closure detection problem. While these 

approaches are successful in many applications, they do not use all the information 

that a monocular image provides, and many of them, in particular, require user-chosen 

thresholding to close loops, which may impact generality in practical applications. 

Merrill et al. (2019) addressed these concerns by extracting all three modes of 

information from a custom deep CNN trained specifically for place recognition. 

Memon et al. (2020) proposed a novel approach based on a super dictionary that is 

distinct from the traditional BoW dictionary and employs more advanced and abstract 

DL features. Chen et al. (2021) presented a novel end-to-end loop-closure detection 

method based on continuous learning. Continuous learning can effectively suppress 

the decline of the memory capability of a simultaneous localization and mapping 

system. The proposed system incorporates the orthogonal projection operator into the 

loop-closure detection to overcome the catastrophic forgetting problem of mobile 

robots in large-scale and multi-scene environments. Arshad et al. (2021) conducted a 

comprehensive review of the existing literature on loop closure detection algorithms 

for visual and Lidar SLAM and discussed their insights and limitations. 

With the innovative technologies based on machine learning, vSLAM is more robust to 

environmental changes (i.e., light and seasons). However, there are still issues with 

hidden layer selection, neural network architectures, and network parameter 

optimizations. Table 5 summarizes the most recent vSLAM-DL works. Table 6 shows a 

comparison of traditional vSLAMs and DL-improved vSLAMs. 

Table 5. A summary of deep learning in vSLAM. 

Reference Module Contributions 

VO Loop closing

Chen et al. (2014) √ CNN for feature extraction 

Gao & Zhang et al. 

(2015) 
√ Introduce auto-encoder 

Hou et al. (2015) √ Tackle illumination changes 

Konda et al. (2015) √ DNN to predict camera pose 

Costante et al. (2015) √ Focus on complex scenarios 

Arandjelovic et al. (2016) √ VLAD based scene recognition 

Handa et al. (2016) √ Extended spatial network 



Table 6. Comparison of traditional vSLAM and deep learning-based vSLAM. 

Task Traditional Deep learning

Parameters Small data scale, Large data scale, 

Short tuning cycle Long tuning cycle 

Intelligibility Good interpretability Poor interpretability 

Generalization Insufficient information, Sufficient information, 

Few parameters, Many parameters, 

Weak generalization Strong generalization 

Adaptability Weak transfer capacity Strong transfer capacity 

Design flow Separate design and training 
Design and training 

simultaneously 

Almalioglu et al. (2018) √ Generative unsupervised learning framework 

Qiu et al. (2018) √ A novel Siamese-ResNet network 

Wang et al. (2018) √ Directly infer pose and uncertainty with RCNN 

Duan et al. (2019) √ Review most recent research 

Liu et al. (2019) √ Solve detection problem 

Memon et al. (2020) √ A super dictionary-based solution 

Merrill et al. (2019)  √ Address user-chosen practical issues 

Wang et. al. (2020) √
Review approaches, challenges, and 

applications for deep VO 

Arshad et al. (2021) √
A comprehensive review of insights and 

limitations 

Chen et al. (2021) √ End-to-end loop-closure detection  

Kaygusuz et al. (2021) √ Deep sensor fusion VO framework 

Qin et al. (2021)  √ DL-based segmentation 

Zhang et al. (2021)  √ Unsupervised pose correction network 



3 Collaborative vSLAM for AR Systems 

With the growing popularity of mobile AR devices (Shafi et al., 2017), multi-agent 

vSLAM systems, also known as collaborative vSLAMs, have received a lot of attention 

in recent years. However, only a few of vSLAMs have been successfully applied with 

multiple agents. The basic architecture of collaborative vSLAMs is introduced in this 

section, as is the information sharing process between different agents. 

3.1 Basic Architecture of Collaborative vSLAM for AR Systems 

Collaborative AR systems display virtual objects on multiple devices in real time, and 

unify the users' coordinate systems by sharing different user statuses. Although 

collaborative vSLAMs use modules similar to traditional vSLAMs, they are more 

focused on collaborative pose estimation, collaborative mapping, place recognition, 

and relative transform computation. Some collaborative AR systems use a centralized 

architecture with a user front end and a server back end. The front-end computes real-

time user data, and the back end perform map fusion, simplification, and optimization. 

However, collaborative AR systems are gradually shifting to more decentralized 

architectures (Schmuck & Chli, 2019; Karrer et al., 2018), outsourcing computational 

tasks to each agent, which greatly reduces the computational cost of the central server. 

3.2 Different Methods of Collaborative vSLAM for AR Systems 

The mapping module distinguishes collaborative vSLAM systems from traditional 

vSLAM systems. This section discusses one global map and multiple local maps-based 

collaborative vSLAMs. 

In the one global map method, two cameras are placed as close as possible to unify 

the coordinates of different AR devices (Klein & Murray, 2007). Examples include 

PTAMM (Castle et al., 2008), CoSLAM (Zou & Tan, 2012), Multi-robot CoSLAM (Perron 

et al., 2015), and so on. PTAMM systems use the PTAM algorithm to collect data from 

two different camera trackers and transmitting it to the same map (Castle et al., 2008). 

To apply in larger-scale scenes, CoSLAM (Zou & Tan, 2012) systems divide twelve 

independent cameras into multiple groups. The multi-robot CoSLAM systems (Perron 

et al., 2015) control moving targets based on real-time camera poses and 3D feature 

trajectories, laying the groundwork for future collaborative AR systems. Zhang et al. 

(2018) proposed a distributed and collaborative monocular simultaneous localization 

and mapping system for multi-robot systems operating in large-scale environments 

where monocular vision is the only exteroceptive sensor. A homogeneous mobile 

robot team will map unknown indoor environments collaboratively. Hentout et al. 

(2020) proposed a distributed multi-agent coordination approach for mapping to 

provide a comprehensive view of the entire environment. Jang et al. (2021) proposed 

a collaborative monocular SLAM with a map fusion algorithm that takes advantage of 



rendezvous, which can occur when multi-robot team members operate nearby. While 

traditional approaches use powerful cloud servers to accelerate SLAM computing, the 

significant communication overhead prevents real-world implementation. Huang et al. 

(2021) presented ColaSLAM, a multi-robot collaborative laser SLAM system with robot-

edge synergy, to address this challenge. SwarmMap, a framework design that scales 

up collaborative vSLAM service in edge offloading settings, was demonstrated and 

implemented by Xu et al. (2022). In general, collaborative vSLAMs on one global map 

transmit dispersed data for centralized and unified preprocessing. However, as the 

number of cameras increases, the communication load of one global map 

collaborative vSLAMs becomes prohibitively high, which leads to challenges. 

Since one global map collaborative vSLAMs wastes the computation power of other 

agents, multiple local maps collaborative vSLAMs are proposed. Multiple local maps 

collaborative vSLAMs compute data in distributed agents and only transmit the 

intermediate result to the server, which greatly reduces the communication load. In 

C2TAM (Riazuelo et al., 2014) system, each agent separately sends keyframe images 

instead of all video data to the server for fusion and 3D reconstruction. However, since 

intermediate data in C2TAM (Riazuelo et al., 2014) is still too large, CSfM (Forster et al., 

2013) models were proposed. CSfM (Forster et al., 2013) models only send the feature 

points and relative poses of keyframe images to the server. Furthermore, CCM-SLAM 

systems (Schmuck & Chli, 2019) only use a portion of keyframes rather than all of them. 

Although these works are real-time, they are ineffective in complex environments. To 

improve robustness and accuracy, Keivan et al. (2016) proposed the MOARSLAM 

system, which combines visual sensors with monocular visual-inertial SLAM. CVI-SLAM 

(Karrer et al., 2018) extended MOARSLAM (Keivan et al., 2016) to mobile devices, 

providing foundation for collaborative AR systems. Opdenbosch et al. (2019) 

investigated data efficiency for visual information exchange in a collaborative visual 

SLAM setup. Liu et al. (2021) proposed a centralized multi-intelligence collaborative 

monocular visual-inertial SLAM deployed on multiple iOS mobile devices. COVINS 

(Schmuck et al., 2021) is a novel collaborative SLAM system that supports multi-agent, 

scalable SLAM in large environments and for large teams of more than ten agents. 

Although sharing gestures and gazes can improve AR remote collaboration, most 

current systems only allow collaborators to share image data. Wang et al. (2022) 

describe a novel remote collaborative platform based on 2.5D gestures and gaze to 

address this issue (2.5DGG). In general, multiple local maps-based collaborative 

vSLAMs process data independently, and only transmit intermediate data to the server, 

which reduces the communication load significantly. The architectures of centralized 

and decentralized multi-agent vSLAMs are summarized in Table 7.  



Table 7. A list of collaboration vSLAMs. 

Reference System Type Description

One global map Multiple local maps 

Castle et al. 

(2008) 
PTAMM √

Transmit data to a same map 

with two camera trackers 

Zou et al. 

(2012) 
CoSLAM √

Apply it to larger scale scenes 

with twelve cameras 

Forster et al. 

(2013) 
CSfM √

Send feature points on key 

frame images to the server 

Riazuelo et al. 

(2014) 
C2TAM √

Send key frame images to the 

server 

Perron et al. 

(2015) 

Multi-robot 

CoSLAM 
√

Control moving targets as a real 

time system 

Keivan et al. 

(2016) 
MOARSLAM √

Combines visual sensor with 

monocular visual-inertial SLAM 

Karrer et al. 

(2018) 
CVI-SLAM √

Extend MOARSLAM to mobile 

devices 

Zhang et al. 

(2018) 

Multi-robot 

CoSLAM 

√
Apply for large-scale 

environments 

Opdenbosch 

et al. (2019) 

Large-scale 

CoSLAM  

√
Multiple agents for unknown 

large-scale environments 

Schmuck et al. 

(2019) 
CCM-SLAM √

Only uses part of key frames 

instead of all 

Hentout et al. 

(2020) 

Homogeneo

us CoSLAM 
√

A homogeneous multi-mobile 

solution  

Huang et al. 

(2021) 
ColaSLAM √ A robot-edge synergy solution 

Jang et al. 

(2021)  

Monocular 

CoSLAM 
√

A rendezvous multi-robot 

solution 



Liu et al. 

(2021) 

Mobile 

CoSLAM  
√ Multiple mobile solution 

Schmuck et al. 

(2021) 
COVINS √ A large team solution 

Wang et al. 

(2022) 

2.5DGG 

CoSLAM 

√
Share gestures and gaze for 

remote collaboration 

Xu et al. 

(2022) 
SwarmMap √

ColaSLAM in edge offloading 

settings 

4 A Brief of Image Segmentation with Deep Learning 

Image segmentation is widely used in autonomous driving (Ess et al., 2009; Geiger et 

al., 2012; Cordts et al., 2016), human-machine interaction (Oberweger et al., 2015) 

and augmented reality as a solution to environmental understanding. DL-based image 

segmentation is a process from coarse to fine, represented by AlexNet (Krizhevsky et 

al., 2012), VGG-16 (Simonyan & Zisserman, 2014), GoogLeNet (Szegedy et al., 2015), 

and ResNet (He et al., 2016). 

The Fully Convolutional Network (FCN) was proposed to learn hierarchical structure 

and feature point information (Long et al., 2015). FCN produces spatial maps rather 

than classification scores (Zeiler et al., 2011; Zeiler & Fergus, 2014), which improves 

segmentation accuracy and standard data set efficiency. FCN, on the other hand, 

under-utilizes global context information, performs poorly in real-time at high 

resolution, and is unsuitable for unstructured data. To obtain a real-time semantic 

system, SegNet (Badrinarayanan et al., 2017) used an encoder and decoder, followed 

by a softmax classifier, to pixel-wise label output. Simultaneous Detection and 

Segmentation (SDS) (Hariharan et al., 2014) extended FCN as a bottom-up hierarchical 

image segmentation system. Furthermore, Pinheiro et al. (2015) presented the 

DeepMask model, which is based on a single ConvNet. Zagoruyko et al. (2016) 

provided Fast R-CNN on MultiPath classifier. Uhrig et al. (2019) proposed Box2pix with 

FCN to predict object bounding boxes, as well as efficient and straightforward post-

processing to assign each object pixel to its best match for object detection. Yolact++ 

was proposed by Boliah et al. (2020) for real-time instance segmentation, with two 

parallel subtasks that linearly combine prototypes with mask coefficients to generate 

instance masks. This method can produce high-quality masks with time stability 

because it does not rely on re-pooling. SOLOv2 (Wang et al., 2020) is a straightforward, 

simple, and quick framework for segmentation. It dynamically segments each instance 

in an image without relying on bounding box detection, making it efficient and 

comprehensive. SOLOv2 is very useful for panoramic segmentation. Tian et al. (2021) 

proposed a high-performance method for implementing mask-level instance 

segmentation with only bounding box annotations. Instead of the traditional crude 



manual initialization, E2EC (Zhang et al., 2022) is a learnable contour-based instance 

segmentation method (see Table 8). 

To achieve temporal continuity between video data, Shelhamer et al. (2016) presented 

a clockwork FCN model based on the feature velocity with different update rates to 

handle layers of varying depths. Zhang et al. (2014) learned hierarchical features from 

multi-channel inputs using 3D CNN. Tran et al. (2016) developed a deep end-to-end 

voxel-to-voxel prediction system. Li et al. (2018) created a video semantic 

segmentation framework that includes a feature propagation module to adaptively 

fuses features over time via spatial variant convolution, lowering the cost per frame 

computation. Paul et al. (2020) proposed an efficient video segmentation (EVS) 

pipeline that combines a high-speed optical flow method for exploiting temporal 

aspects of video and propagating semantic information from frame to frame. Hu et al. 

(2020) presented TDNet, a temporally distributed network designed for video 

semantic segmentation that is fast and accurate. Wang et al. (2021) proposed a 

temporal memory attention network (TMANet) based on a self-attentive mechanism. 

It integrates long-range temporal relationships over video sequences without requiring 

exhaustive optical flow prediction. Alapatt et al. (2021) developed a temporally 

constrained neural network (TCNN) as a semi-supervised framework for surgical video 

semantic segmentation. Standard images or videos typically contain only a small 

number of semantic categories throughout the label set. He et al. (2022) proposed 

decomposing segmentation into two subproblems, image-level or video-level multi-

label classification and pixel-level particular label classification (see Table 9). 

The FCN methods have achieved a good performance on 2D image segmentation and 

3D voxel handling. Huang et al. (2016) addressed the 3D point cloud labeling challenge 

using 3D CNNs, which reduce a priori labeling knowledge without using hand-crafted 

features. Qi et al. (2018) proposed a framework for learning directly in the raw point 

cloud that allows for accurate estimation of 3D bounding boxes even in the presence 

of solid occlusions and sparse points. 3D-SIS (Hou et al., 2019), a novel 3D semantic 

instance segmentation in RGB-D scanning that learns jointly from geometric and color 

signals, predicts object bounding boxes, class labels, and instance masks with high 

accuracy. Wu et al. (2019) proposed a point cloud segmentation method based on 

deep learning with improved model structure, training losses, and additional input 

channels. Manually annotating complex point cloud datasets is both time-consuming 

and error-prone. SnapshotNet (Li et al., 2022) was proposed as a self-supervised 

feature learning method for rapidly learning practical features from unlabeled large-

scale point cloud data (see Table 10). 

The local and global information is balanced by image segmentation-based AR 

applications. Refinement CNNs, such as Conditional Random Fields (CRFs), dilated 



convolutions, and multi-scale aggregation, use the global context of images to solve 

local ambiguities. CRFs improve local information and enable the capture of long-range 

dependencies (Rother et al., 2004; Shotton et al., 2009). The DeepLab models (Chen 

et al., 2014; Chen et al., 2017) extend previous CRF model (Krähenbühl & Koltun, 2011; 

Krähenbühl & Koltun, 2013), considering both short and long-range interactions.

 The CRFasRNN system (Zheng et al., 2015), fully training an end-to-end system 

with a combination of the CRF and the FCN. Kalogerakis et al. (2017) presented a deep 

architecture for segmenting 3D objects into labeled semantic parts, combining FCN 

and CRF to produce coherent 3D shape segmentation and achieving promising 

segmentation results on noisy 3D shapes. Zhang et al. (2018) proposed a framework 

for semantic scene segmentation and completion optimization using dense CRF based 

on a single depth image. Ji et al. (2020) demonstrated a cascaded CFR framework 

inspired by the skip connection of FCN to learn boundary information from multiple 

layers, thereby improving model boundary localization and supplementing image 

semantic information (see Table 11). 

To expand receptive fields without losing resolution, dilated convolutions are 

proposed. Yu et al. (2015) proposed a multi-scale context aggregation module, and 

Paszke et al. (2016) developed a real-time network ENet that increase dilation rates 

without additional cost. Multi-scale aggregation was proposed to make use of multiple 

networks with different scales. Raj et al. (2015) introduced a VGG-16 based multi-scale 

system that processes a shallow convolutional network on one path and a fully 

convolutional VGG-16 on the other. Roy et al. (2016) extracted features from coarse-

to-fine on four multi-scale CNNs. Bian et al. (2016) trained each network 

independently in an FCNs architecture with fine-tuning the last layer. MFR-CNN (Zhang 

et al., 2018) is a novel CNN model that represents local and global features at multiple 

scales. It can detect real-world traffic objects accurately and performs well with heavily 

occluded objects. Lin et al. (2018) proposed a novel multi-scale context intertwining 

(MSCI) framework for aggregating features at different scales to achieve accurate 

multi-scale semantic segmentation. Through the connection of two LSTM chains, the 

traditional one-way propagation of information is combined with feature graph pairs 

in a bidirectional and circular manner, improving the effectiveness of feature 

extraction. FgSegNet (Lim et al., 2020) extracts multi-scale features from images and 

generates a robust feature pool to segment moving objects from the background 

accurately. Computational resources limit real-time semantic segmentation, but 

performing multi-scale contextual aggregation can solve this problem within a limited 

computational budget. Farsee-net (Zhang et al., 2020) includes a cascaded factorized 

atrous spatial pyramid pooling (CF-ASPP) module, a lightweight cascade structure that 

improves runtime efficiency through contextual information. Gao et al. (2021) 

proposed a new lightweight network using a multi-scale context fusion (MSCFNet) 

scheme to enhance feature representation and improve segmentation efficiency to 

strike a good balance between semantic segmentation accuracy, inference speed, and 

model size. Hui et al. (2022) proposed a novel adaptive segmentation model for multi-



scale targets based on the DeepLabv3+ framework to improve the segmentation 

accuracy of small and obstructed image targets. The model reduces the number of 

model parameters and model size while improving segmentation speed and 

performance. In the integrating context knowledge method, researchers have 

expanded the traditional CNNs architecture with innovation and considered both local 

and global information (see Table 12). 

Table 8. FCN-based image segmentation. 

Reference Name

Category

Architecture Contributions

General 
Decoder 

variants 

Instance 

Segmentation 

Hariharan et 

al. (2014) 
SDS √

R-CNN +  

Box CNN 

A bottom-up image 

segmentation 

system 

Kendall et al. 

(2015) 

Bayesan 

SegNet 
√

VGG-16 + 

Decoder 

Uncertainty 

modeling 

Long et al. 

(2015) 
the FCN √  VGG-16 

Use spatial maps 

instead of scores 

Pinheiro et al. 

(2015) 
Deep Mask √ VGG-A 

Extend single 

ConvNet 

Zagoruyko et 

al. (2016) 
MultiPathNet  √

Fast R-CNN + 

Deep Mask 
MultiPath classifier 

Badrinarayan

an et al. 

(2017) 

SegNet √
VGG-16 + 

Decoder 
Encoder-decoder 

Uhrig et al. 

(2019) 
Box2pix √ GoogLeNet 

Single-shot pixel to 

box 

Bolya et al. 

(2020) 
Yolact++ √ RetinaNet 

Fully-convolutional 

real-time model  

Tian et al. 

(2021) 
BoxInst √ Mask R-CNN 

Projection and pair- 

wise affinity mask 

loss 



Wang et al. 

(2020) 
SOLOv2 √ Mask R-CNN 

Fast dynamic 

solution 

Zhang et al. 

(2022) 
E2EC √ DML 

A novel contour-

based method 

Table 9. Video sequences-based image segmentation. 

Reference Name Architecture Contributions

Zhang et al. 

(2014) 
3DCNN-Zhang 3DCNN Learn features from multi-channel 

Shelhamer et al. 

(2016) 
Clockwork Convent FCN A clockwork FCN model 

Tran et al. (2016) End2EndVox2Vox C3D 
A deep end-to-end voxel-to-voxel 

system 

Li et al. (2018) Low-Latency VS ResNet-101 
Design a video segmentation 

framework 

Paul et al. (2020) EVS ICNet High-speed optical flow method 

Hu et al. (2020) TDNet APM A temporally distributed network  

Wang et al. (2021) TMANet TMA Self-attention mechanism  

Alapatt et al. 

(2021) 
TCNN TCNN 

A semi-supervised framework for 

surgical  

He et al. (2022) MLSeg Query2Label Generic two sub-problems framework

Table 10. 3D data-based image segmentation. 

Reference Name Architecture Contributions

Huang et al. 

(2016) 
Huang-3DCNN 3DCNN Voxelized point clouds 

Qi et al. (2018) Point Net T-Net Use unordered point sets 

Hou et al. (2019) 3D-SIS 3D-RPN RGB-D scan for 2D and 3D feature learning 



Wu et al. (2019) Squeezesegv2 SqueezeSeg 3D point cloud segmentation  

Li et al. (2022) SnapshotNet SVM Work on unlabeled complex 3D scene 

Table 11. CRFs-based image segmentation. 

Reference Name Architecture Contributions

Chen et al. 

(2014) 
DeepLab 

VGG-16/ 

ResNet-101 

Consider short and long-time 

interactions 

Zheng et al. 

(2015) 
CRFasRNN FCN-8s Combine the CRF and the FCN 

Kalogerakis et al. 

(2017) 
3DCRF FCN Combine the CRF and the FCN for 3D 

Zhang et al. 

(2018) 
Dense CRF SSCNet Dense CRF based on single depth image 

Ji et al. (2020) Cascaded CRF FCN-8s Cascaded CRF method with FCN 

Table 12. Dilated convolutions & multi-scale prediction-based image segmentation. 

Reference Name

Category

Architecture Contributions
Dilated 

Convolutions 

Multi-scale 

Prediction 

Raj et al. 

(2015) 

Multi-scale-

CNN-Raj 
√ Multi-scale-CNN 

Introduced a multi-

scale system 

Yu et al. 

(2015) 
Dilation √  VGG-16 

Multi-scale context 

aggregation 

Bian et al. 

(2016) 

Multi-scale-

CNN-Bian 
√ Multi-scale-CNN 

Independently multi-

scale FCNs 

Paszke et al. 

(2016) 
ENet √  ENet bottleneck Increase dilation rates

Roy et al. 

(2016) 

Multi-scale-

CNN-Roy 
√ Multi-scale-CNN 

A four multi-scale 

CNNs 



Bian et al. 

(2016) 

Multi-scale-

CNN-Bian 
√ Multi-scale-CNN 

Independently trained 

multi-scale FCNs 

Lin et al. 

(2018) 

Multi-scale-

CNN-Lin 
√ Multi-scale-CNN 

Multi-scale context 

intertwining 

framework 

Zhang et al. 

(2018) 
MFR-CNN √ VGG/ResNet 

Multi-scale local and 

global feature 

representation 

Lim et al. 

(2020) 
FgSegNet √

Multi-scale-CNN, 

FPM 

End-to-end 

foreground 

segmentation 

Zhang et al. 

(2020) 
Farsee-net √ F-ASPP 

Real-time multi-scale 

context aggregation 

Gao et al. 

(2021) 
MSCFNet √

Multi-scale-CNN, 

EAR 

Multi-scale contextual 

information 

Hui et al. 

(2022) 

Multi- 

branch 

Multi-scale-

CNN 

√
Multi-scale-CNN, 

DeepLabv3+ 

Adaptive multi-branch 

segmentation for 

small and obstructed 

targets 

5 AR Systems based on Image Segmentation 

This section discusses image segmentation-based AR systems and their future works. 

To handle real-time occlusion in AR systems, the foreground masks of real RGB scene 

(Rother et al., 2004; Li et al., 2004; Hasinoff et al., 2006; Criminisi et al., 2006; Kakuta 

et al., 2008) and RGBD images (Zhu et al., 2008; Kanbara et al., 1999; Kim et al., 2003; 

Kim et al., 2008) are created. RGBD images are used to estimate the foreground 

accurately, while RGB images are used to create depth maps (Hebborn et al., 2017; Du 

et al., 2016; Fukiage et al., 2014). For example, the grassland is identified as 

background by semantic segmentation, therefore, is placed behind other instances. 

For tackle real-time AR occlusion challenges, Zhao et al. (2018) and Zhou et al. (2017) 

combined foreground probability map with semantic segmentation for blending and 

adopted real-time CNN-based image segmentation for a better environmental 

understanding in AR systems. Image segmentation that affects significantly indoor and 

outdoor AR applications (Roxas et al., 2018) has two limitations: time consumption and 

generalisation. Per-frame semantic segmentation is time-consuming and makes 



insufficient use of input data continuity and temporal information. For generalization, 

the classification range of the existing segmentation system is narrow and coarse. 

Future work could include fine-tuning blending parameters to handle complex scenes 

(Roxas et al., 2018) and investigate more specific AR scenarios.

6 AR Systems based on vSLAM and Image Segmentation 

Collaborative vSLAM achieves good performance in static environments (Dou et al., 

2016; Innmann et al., 2016; Newcombe et al., 2015; Zollhöfer et al., 2014; Rünz & 

Agapito, 2017), but lacks environmental understanding with purely geometric output 

and is prone to characteristic errors in dynamic scenes (Castle et al., 2007; Civera et al., 

2011; McCormac et al., 2017; Salas-Moreno et al., 2013; Tateno et al., 2017). To take 

full advantage of fusing object labels into the map, combining vSLAM and image 

segmentation leads to real-time tracking and detailed reconstruction (Runz et al., 

2018). These fusion AR systems integrate real-time vSLAM architecture with image 

segmentation to reconstruct the environment while also understanding the scene and 

sharing information within a group (see Figure 2). Fusion AR systems reconstruct 

multiple objects with accurate semantic labels, predict object labels with high 

boundary accuracy (He et al., 2017), track multiple independently moving objects at 

the same time, improve system accuracy with real-time semantic information (Kaiming 

et al., 2017; Rünz & Agapito, 2017), and use semantics for tracking reconstruction 

(Rünz & Agapito, 2017). Some fusion AR systems track rigid objects using a dynamic 

semantic-based method (Runz et al., 2018). In the field of autonomous driving, 

DynSLAM (Kaiming et al., 2017) introduced a semantic mapping system to reconstruct 

dynamic vehicles and static roads. The fusion AR system first differentiates static and 

dynamic objects based on motion inconsistency (Rünz & Agapito, 2017), then tracks 

the six degrees of freedom pose of each model and aligns the pose with the previous 

frame. To improve coarse-grained semantic segmentation results, a network structure 

composed geometric segmentation and semantic segmentation (He et al., 2017) are 

applied. Some fusion AR systems train object labels associated with target models and 

fuse each object over time to achieve more accurate and robust performance (Keller 

et al., 2013; Whelan et al., 2015).   



Figure 2. Basic structure of collaboration fusion AR systems.

7 Conclusions

Although AR has been widely used to improve human experience in the virtual-reality 

intertwined world, the challenges of handling complex large-scale scenes, dealing with 

real-time occlusion, and rendering virtual objects have limited its applicability and 

performance. A potential solution approach to the challenges is a combination of 

image segmentation, vSLAM and machine learning. This paper investigates the recent 

advancements in AR visualization algorithms. Furthermore, this paper reviews deep 

learning-based vSLAMs, collaborative AR systems, and image segmentation-based AR 

systems to recommend the best solution approach for AR systems. Fusion systems are 

also introduced to compensate for existing AR flaws. Fusion AR systems, which analyze 

contextual information through classification, detection, and tracking, will be a future 

research hotspot. 
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