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Abstract: Compared with visual sensor-based simultaneous positioning and mapping 

(VSLAM), the SLAM method based on the fusion of visual sensors and inertial 

navigation sensors (IMU) can obtain more environmental information and help mobile 

robots improve their intelligence. To study the SLAM problem, the monocular sensor is 

different from the 3D vision sensor with depth information. The monocular vision SLAM 

uses a two-dimensional image sequence to construct a three-dimensional environment 

map online and achieve real-time positioning. For the comparison of the monocular 

vision SLAM algorithm, the mainstream monocular vision positioning algorithm in the 

past ten years is analyzed, and it is pointed out that its optimization method is replacing 

the filter method as the mainstream method. However, the current monocular SLAM is 

unable to cope with the problems of fast motion and dynamic scenes, which leads to 

the research of monocular visual inertial fusion; Describes its research status and key 

technologies; Summarized the representative monocular inertial navigation fusion 

algorithm (VINS) in recent years; Finally, it points out the research hotspots and 

development trends in this field. 

 

Keywords: Monocular camera; Visual simultaneous positioning and mapping; IMU; 
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1. Introduction 

From the 1960s to the present, computer science and technology have developed 

rapidly. As an important branch of computer science, artificial intelligence is also the 

most cutting-edge technology field, and it is also leading the progress of the intelligent 

era. In the field of artificial intelligence, intelligent technologies such as intelligent 

mobile robots, autonomous driving, Virtual Reality (VR), and Augmented Reality (AR) 

are entering and changing people's daily lives. In recent years, the vision-based SLAM 

technology has been widely used in military, marine exploration, factory manufacturing, 
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service industry and other fields, and the scenarios and problems it faces are becoming 

more and more complicated. Among them, monocular cameras are widely used and 

also have the following problems:(1)Motion blur during fast movement;(2)When there 

is too little overlapping area between two frames, feature matching may not be 

possible;(3)Cannot extract enough feature points in a weak texture scene;(4)Mismatch 

in dynamic scene[1].The IMU can measure the angular velocity and acceleration of the 

sensor body. When the camera data is invalid, the pose can be estimated through the 

IMU data in a short time; At the same time, the camera data can effectively correct the 

drift problem in the IMU reading. Therefore, the camera sensor and IMU have obvious 

complementarity, and after fusion, a more robust and perfect SLAM system can be 

obtained[2]. 

 
2. Research status of monocular vision 

With the development of computer science, since the beginning of the 21st century, the 

research of visual SLAM algorithm has attracted attention. But significant progress 

began with the PTAM [3] algorithm of Klein et al. In 2007.In this work, the idea of 

separating camera tracking and mapping in parallel threads was first introduced for the 

first time, and proved to be successfully applied to real-time augmented reality 

applications in small-scale scenarios. Since then, most of the research results in this 

field have continued the ideas in the PTAM framework. Tables 1 and 2 are classified 

according to the filter method and optimization method, and some important visual 

synchronization positioning and map creation algorithms and visual mileage calculation 

methods since 2007 are sorted out. The direct method or indirect method used by the 

algorithm is also reflected in the table.  

Table 2-1 Important VSLAM / Odometry method literature (filter method) 
Years Literature name Category 

2007 MonoSLAM I 

2008 Square root UKF for visual MonoSLAM I 

2008 Efficient view-based SLAM using visual loop closures I 

2009 

 

Towards a robust visual SLAM approach: addressing the challenge of 

Life-long operation 
I 

2010 On combining visual SLAM and visual Odometry I 

2010 

 

Monocular SLAM with locally planar landmarks via geometric 

Rao-Blackwellized particle filtering 

on Lie groups 

 

I 

2013 Monocular SLAM for indoor aerial vehicles I 

2014 

 

Real-time camera tracking using a particle filter combined with 

unscented Kalman filter 
I 

2015 StructSLAM : visual SLAM with building structure lines I 
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The algorithms in Table 2-1 all use filter methods (such as EKF, UKF, PF, etc.), and I 

indicates that the indirect method is used. 

 
Table 2-2 Important VSLAM / Odometry method literature (optimization method) 

Years Literature name Category 

2007 Parallel tracking and mapping I 

2008 An efficient direct approach to visual SLAM D 

2010 Live dense reconstruction with single moving camera M 

2010 Scale drift-aware large scale monocular SLAM I 

2011 Online environment mapping I 

2011 

 

Omnidirectional dense large scale mapping and navigation 

based on meaningful triangulation 
D 

2011 Dense tracking and mapping D 

2013 Robust monocular SLAM in dynamic environments I 

2014 Semi-direct visual odometry H 

2104 DT-SLAM: deferred triangulation for robust SLAM I 

2014 
Real-time 6-DOF monocular visual SLAM in a large 

scale environment 
I 

2014 LSD-SLAM: direct monocular SLAM D 

2015 Robust large scale monocular visual SLAM I 

2015 

 

DPPTAM: dense piecewise planar tracking and mapping from a 

monocular sequence 
D 

2015 
ORB SLAM: a versatile and accurate monocular 

SLAM system 
I 

2016 Direct sparse odometry I 

 
The algorithms in Table 2-2 all use the optimization method (beam adjustment), I for 

the indirect method, D for the direct method, and H for the hybrid method. 

It can be seen from Tables 1 and 2 that the research on VSLAM (Visual SLAM) in the 

past decade has gradually evolved from the filter method to the optimization method. 

The filter method framework mainly adopts the indirect method, and the optimization 

algorithm framework Both direct and indirect methods have been paid attention by 

researchers .Especially in some algorithms that have received much attention in recent 

years, the optimization method has gradually become the mainstream method of 

research. 
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3. Research Status and Key Issues of Monocular Inertial Navigation Fusion 

Research 

The camera can capture scene information with rich details, but cannot cope with fast 

motion and dynamic scenes; IMU has a higher measurement rate and can obtain a 

more accurate short-term estimation, but it has more serious long-term cumulative 

error and drift problems; Taking advantage of the complementary characteristics of 

these two sensors, they can be used together to obtain better results [4].Therefore, 

the combination of visual sensor and IMU has become one of the hot topics of SLAM 

research [5]. 

 
3.1 Sensor fusion method 

For a multi-sensor fusion system such as VINS, it can be divided into Loosely-Coupled 

and Tightly-Coupled systems from the perspective of coupling degree. Tightly coupled 

system is to establish a state equation by combining visual and IMU related state 

quantities into a vector, and use the measurement information of the two to jointly 

establish an observation equation. In the loosely coupled system, the visual and IMU 

information is solved in two independent state estimators, and then the estimated 

results are given to another estimator to modify and merge with each other. A 

representative of the loosely coupled VINS system is that Weiss and other scholars 

have combined the modified PTAM and IMU for the study of UAV navigation [6].The 

loosely coupled system considers the state quantities separately, ignoring the 

correlation between different sensor states, so it is impossible to obtain the overall 

optimal estimate like the tightly coupled system. Current CPU performance can already 

meet the needs of tightly coupled systems. Tightly coupled systems are more 

concerned by researchers because they can theoretically obtain optimal estimates. 

 
3.2 Backend state estimation 

According to the back-end state estimation, it is divided into filtering-based methods 

and optimization-based methods. Filter-based VINS method, which is more 

representative of MSCKF (Multi-State Constraint Kalman Filter) [7]. MSCKF is based on 

EKF's monocular VINS method, which uses all camera poses and associated feature 

point information for a continuous period of time to establish a measurement equation, 

nonlinearly triangulate visual features, and then update EKF to improve accuracy. 

Efficient real-time pose estimation. In addition, Tsotsos et al. [8] considered how to 

optimally distinguish outliers to improve robustness, and proposed a robust filtering 

VINS system; The ROVIO proposed by Bloesch et al. [9] uses the direct method as the 

front end, which makes the system very robust, and tracking will not be lost even in 

high dynamic conditions; Jones et al. [10] proposed a binocular VINS system with IMU 

and camera external parameter self-calibration and closed-loop detection. 
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The optimization-based method, which is more representative of OKVIS [11].OKVIS is 

a feature point method used as a VINS method for front-end and back-end estimation 

using optimization, It maintains a sliding window, which contains the key frames and 

corresponding road sign point states of the most recent period, and estimates these 

states through optimization, Whenever a new image frame is added to the window, the 

earlier key frames or redundant newer image frames will be marginalized and 

discarded to ensure that there is only a limited number of states in the window to meet 

real-time performance .Forster et al. [12] proposed the IMU pre-integration method on 

the manifold [13] to process IMU information between key frames, Using SVO [14] as 

the front end and incremental smooth mapping (iSAM) [15] as the back end for pose 

and landmark position estimation. Raul et al. [16, 17] combined IMU pre-integration 

with ORB-SLAM and proposed the visual inertial ORB-SLAM (Visual-Inertial ORB-SLAM, 

VI-ORBSLAM) method，it is a complete visual inertial SLAM system including pose and 

velocity estimation, IMU zero offset estimation, global mapping, relocation and 

closed-loop detection functions. Several representative VINS algorithms are 

summarized in Table 2-1 below. 

 
Table 3-1 Representative VINS algorithm 

VINS algorithm Front end Rear end 

MSCKF SIFT feature matching EKF 

OKVIS HARRIS+BRISK Sliding window optimization 

ROVIO Direct method EKF 

SVO+iSAM2 SVO,Semi-direct method 
iSAM2 incremental 

optimization 

VI-ORBSLAM ORB feature matching optimization 

 

3.3 Observability 

Another issue of VINS research is observability, which reflects the system's ability to 

restore the estimated state of the observation, which is the nature of the system itself 

and has nothing to do with data such as measurement noise [18].For monocular 

VSLAM, it includes seven degrees of freedom (Gauge Freedom) [19], namely: 

three-axis absolute position, three-axis absolute attitude and scale. These seven 

degrees of freedom are actually unobservable degrees of freedom of VSLAM system. 

When solving VSLAM, it is necessary to introduce a priori knowledge or fix the state of 

seven degrees of freedom to obtain a unique solution. Compared to the monocular 

VSLAM, the monocular VINS system has the measurement of motion acceleration and 

gravitational acceleration due to the introduction of IMU. In general sports conditions, 

only the yaw angle and the absolute position of the three axes cannot be observed [20, 
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21].In the state estimation, if there is no means such as closed loop detection, the 

uncertainty of the state of unobservable degrees of freedom will increase with time, 

and its uncertainty has no upper bound. 

Observability research raises the issue of consistency in VINS. An estimator that meets 

consistency needs to meet two requirements:1) The mean value of state estimation 

error is zero;2) The covariance of the state estimation error should be the same or 

smaller than the covariance estimation result. The destruction of consistency is closely 

related to observability. The change in observability caused by numerical errors causes 

inconsistencies in the state estimator [22, 23].To solve this problem, Hesch et al. [24] 

proposed Observability-Constrained EKF (OC-EKF) to make the state update only in the 

direction of observability; Huang et al. [23] proposed the first-estimate Jacobian (FEJ) 

method, Forcibly fix the linearization point to avoid inconsistencies in numerical error 

substitution. Li and Mourikis [25] used the method of FEJ to improve MSCKF and 

proposed MSCKF 2.0; Dong-Si and Mourikis [26] use FEJ in methods that include 

sliding windows; Leutenegger [11] also borrowed this method for OKVIS, a sliding 

window VINS system; Engel et al. [27] also introduced this method to pure visual SLAM, 

and adopted the FEJ method in DSO. 

 
4. Summary and Development Outlook 

The above summarizes the research status and development process of visual SLAM 

and monocular vision, For the current monocular SLAM, there are problems that cannot 

deal with fast movement and dynamic scenes, Then led to the monocular visual inertial 

fusion research, And introduced the key issues of its realization: Coupling method, 

back-end state estimation method and observability. Summary The focus of the 

development of visual SLAM is how to ensure its accuracy and robustness, reduce costs 

as much as possible, and use various information in the scene as much as possible to 

improve positioning accuracy and make the composition more complete. 

Currently, the development trend of visual SLAM mainly covers the following three 

aspects:1) Improvement of the adaptability and robustness of large-scale complex 

environments;2) Improve computing efficiency and optimize accuracy at the same 

time;3) Research on multi-robot and multi-sensor collaborative SLAM. The adaptability 

and robustness of large-scale complex environments are inevitable requirements for 

the practicality of visual SLAM systems, The trend is to shift from the current indoor or 

simple outdoor environment to a large-scale, dynamic and complex outdoor 

environment research. McManus C and Pascoe G et al. [28, 29] discussed in detail the 

algorithms for resisting light changes and adapting to outdoor environments. Some 

visual SLAM technologies in low-texture environments and visual SLAM technologies 

without initialization are also being developed. In terms of improving computing 
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efficiency, Some research on SLAM technology based on embedded, low-power devices 

has gradually attracted the attention of technology companies, For example, VR and AR 

helmets and even mobile devices can provide a better user experience, and at the same 

time get rid of dependence on bulky computing devices [30].In terms of multi-robot 

and multi-sensor system SLAM, Researches such as multi-robot collaborative mapping, 

multi-sensor fusion, visual inertial navigation SLAM, etc. are also emerging, Universities 

such as KIT and CMU [31] package and release the data collected from their own 

ground unmanned vehicles for researchers to study, These data include not only the 

data of the monocular camera, but also the data of monocular inertial navigation, GPS, 

binocular vision, lidar, etc. The above development trend will introduce the visual SLAM 

system from the laboratory to life and industrial application scenarios, making the 

intelligent robot more perfect and combined with reality. 

 
5. Conclusion 

This paper analyzes the research status of monocular visual SLAM and monocular 

inertial navigation SLAM and the key issues of their research, and compare the 

important research results of recent years, it is not difficult to find that the fusion of 

visual sensors and inertial sensors can complement the advantages of the sensors and 

obtain more ideal results. In addition, in order to realize the application in the actual 

environment, the robustness of the visual inertial navigation SLAM needs to be high, so 

as to be sufficient for accurate processing in a complex environment, and the 

calculation degree of SLAM cannot be too high, so as to achieve real-time effects. 
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