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Abstract 
In view of the fact that the external parameters of the real robot will change during the 
movement, using the calibration result of the external calibration tool for initialization 
greatly reduces the robot positioning stability. The paper selects VINS-MONO visual 
inertial SLAM as the basic framework. In order to improve the robust performance of the 
robot to the scene, the algorithm in this paper adds the calculation of the homography 
matrix to the automatic calibration part of the external rotation matrix of the camera 
and IMU. And through the two-way reprojection error, the essential matrix calculated in 
the original algorithm and the newly added homography matrix are scored. Finally, a 
model with a higher score is selected to estimate the pose change of the camera. In the 
experiment part, two environments with different characteristics in the public data set 
EuRoc are selected to experiment with the algorithm. Through the analysis of the 
absolute and relative errors with the real trajectory, it shows that the positioning 
accuracy of the improved algorithm in this article is similar to that of the VINS-MONO 
algorithm in general scenarios. In some scenes with more planes, the algorithm in this 
paper reduces the average error index of the relative trajectory by 30% compared with 
the original algorithm. It proves that the algorithm in this paper can improve the 
robustness of the scene. 
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1. Introduction 

Simultaneous localization and mapping (SLAM) is an important part of the autonomous movement 
of mobile robots. SLAM technology is that the robot obtains measurement information through its 
own sensor elements and uses it to realize its own positioning and the construction of the surrounding 
environment map [1-3]. With the continuous improvement of computer performance, SLAM 
technology has moved from laser SLAM to visual SLAM. However, visual SLAM is severely 
affected by illumination. In order to improve the robustness of visual SLAM technology, multi-sensor 
fusion SLAM technology has become a research hotspot. At the same time, with the development of 
microelectronics technology, inertial measurement units and cameras are highly complementary. For 
example, the camera imaging is blurred during fast movement, which easily causes the SLAM system 
to collapse. The IMU can provide high-frequency three-axis acceleration and three-axis angular 
velocity information to help the robot use it for state estimation. However, the inertial measurement 
unit has the drift. When the robot moves slowly, the camera can provide feature point information to 
correct the drift. These make the combination of camera and IMU become a star combination in 
SLAM technology research. 
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In recent years, many excellent visual inertial SLAM technologies have been proposed. According to 
different methods used, it can be divided into filtering method and optimization method. Mourikis [4] 
proposed the MSCKF visual-inertial fusion framework, which uses EKF (Extended Kalman filtering) 
to fuse visual measurement information and IMU information. Compared with pure visual algorithms, 
MSCKF can adapt to more intense movements and allow short-term damage image. Bloesch [5] et 
al. proposed a visual inertial odometer (ROVIO) based on iterative Kalman filter (IEKF) in their 
paper. The algorithm directly uses the photometric error of the image block to achieve accurate 
tracking and good robustness. Stefan Leutenegge [6] of the University of Zurich and others proposed 
OKVINS. In ORB-SLAM [7], two threads are opened to calculate the essential matrix and the 
homography matrix at the same time, which improves the robustness of the system in different 
environments. After that, VI-ORBSLAM [8], which adds an inertial measurement unit to the ORB-
SLAM algorithm, provides a new IMU quick initialization method. According to the different ways 
of information fusion, it is divided into loose coupling and tight coupling. Loose coupling is relatively 
simple but the effect is worse than tight coupling [9]. The monocular visual inertial SLAM system is 
a highly nonlinear system and the monocular lacks scale information. The initialization result of the 
scale factor and IMU bias determines the estimation accuracy of the monocular visual inertial SLAM 
system. In [10], the acceleration offset ignored during initialization. Qin Tong of the Hong Kong 
University of Science and Technology [11] calibrate the initialization state of the inertial unit in its 
open source code VINS-MONO. However, in the calibration of IMU and camera external rotation, 
only the essential matrix is calculated to solve the rotation matrix and translation vector. This scheme 
is suitable for the calibration of feature points on a non-planar surface. However, due to the many and 
complex dynamic targets in the ground scene, the current restaurant service robot usually alignment 
the camera at the roof and realizes the robot positioning through the marking points on the roof. In 
such an environment, the feature points are located on the same plane. Still using the method of 
solving the essential matrix will cause larger errors and affect the actual positioning effect of the robot. 
Articles [12] and [13] optimize the external parameters of the IMU and camera in the back-end 
optimization part, but ignore the accuracy of the first external parameter calibration, and do not take 
into account the situation of the robot in a special environment. 

This paper proposes a new method for estimating the external rotation of the IMU and camera. By 
adding the calculation model of the homography matrix and using the bidirectional reprojection error 
to select the essential matrix and the homography matrix [14], the adaptability of the indoor mobile 
robot in different environments is improved. 

2. Visual Inertial SLAM System Framework 

Due to its simple structure and low cost, monocular cameras are often given priority in practical 
engineering. This paper uses the monocular visual inertial SLAM algorithm VINS-MONO as the 
basic framework, and uses loose coupling to estimate the IMU and camera external rotation 
parameters during the initialization process. In the back-end global optimization part, a tight coupling 
method is used to fuse visual measurement information and IMU measurement information. Opening 
4 nodes in the ROS robot system is mainly responsible for: (1)Image feature point extraction and 
tracking; (2) Visual Inertial Joint Initialization; (3) Back-end nonlinear optimization; (4) Closed loop 
detection and pose map optimization; This article mainly optimizes the external rotation calibration 
part of IMU and camera. The specific functions of each module are as follows: 

(1) The image feature extraction and tracking part will grayscale the image. Based on the assumption 
of constant gray level, the optical flow tracing method is used to extract and track the features. 
Compared with the feature point method of calculating the descriptor, the optical flow tracing method 
can reduce the CPU consumption of the system. 

(2) The initialization part uses IMU measurement and visual SFM calculation results to estimate the 
external rotation parameters of the camera and IMU in a loosely coupled manner, and completes the 
estimation of the gyroscope, acceleration bias, scale factor and gravity vector. 
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(3) The back-end nonlinear optimization combines IMU constraints, visual constraints and closed-
loop constraints into a BA problem. Non-linear optimization is used to solve the variables to be 
optimized in the sliding window.  

(4) The closed-loop detection and pose graph optimization part uses the bag-of-words (DBOW) 
model for closed-loop detection and relocation. 

The monocular visual inertial SLAM system structure is shown Fig.1; 

 

 
Fig. 1 Monocular vision inertial SLAM structure diagram 

3. Improved Automatic Calibration of Visual Inertial SLAM 

3.1 Improved Pure Visual Structure Restoration 

During the movement of the robot, if the robot only rotates or the feature points are located on the 
plane, the use of epipolar geometry theory to solve the essential matrix will cause matrix degradation 
problems. At this time, the calculated essential matrix is greatly affected by noise. The homography 
matrix can solve the problem of pure rotation of the robot and the feature points are located on the 
plane. Therefore, in order to improve the robustness of the system to different environments. The 
calculation of the homography matrix is added to the system, and the essential matrix model and the 
homography matrix model are selected through the two-way reprojection error. The improved visual 
motion structure recovery is shown in Fig. 2.  

 

 
Fig. 2 Improved visual structure restoration 
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Due to the particularity of the monocular camera structure, the spatial position information of the 
feature points must be initialized through a period of keyframe sequence. The key frame selection 
strategy mainly considers that when the disparity between images is greater than a certain threshold, 
it can be determined as a keyframe. Because ORB features consume a lot of computer resources in 
the process of calculating descriptors. In order to reduce the computer consumption, the optical flow 
method based on the assumption of invariable gray level is adopted to track the features, and the 
feature matching relationship between different images is obtained. However, there are mismatches 
in the matched feature point pairs. In order to reduce the influence of mismatches on the calculation 
results, the random sampling consistency method (RANSCA) is used to eliminate mismatched points. 
Then use the correct matching feature point pairing information to calculate the essential matrix and 
the homography matrix respectively. After the essential matrix and the homography matrix are 
calculated, the two-way reprojection error is used to score the model, and the model with the smaller 
error is selected for the subsequent pose calculation. 

3.2 Scoring Model 

In the selection of the model score, we choose the way of bidirectional reprojection, which can avoid 
the random error caused by single direction projection to the greatest extent. The schematic diagram 
is as follows:  

 

 
Fig. 3 Schematic diagram of two-way reprojection in a flat scene 

 

In order to select the constraint relationship of feature points more in line with the environment of the 
robot. Starting from the image level, the algorithm in this paper directly extracts the image features 
between different frames and traces them through optical flow to obtain the corresponding matching 
points. After removing the mismatched points through random sampling consistency, we consider 
that the feature matching at the image level is accurate. And use this result to verify the error caused 
by the feature point projection using the essential matrix and the homography matrix in different 
scenarios.  

For non-planar scenes, the imaging of the same feature point in space under different poses satisfies 
the epipolar geometric constraint. Through the essential matrix, a point in one image can be mapped 
to a line in the next image as shown in Fig. 4. 

 

 
Fig. 4 Point-to-line forward projection diagram 
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The corresponding mapping relationship is as follows: 

 

 1l Fp                                        (1) 

 

Where F is the essential matrix.  

Then calculate the square of the distance 2
Ed  from the matching point 2p  of 1p  to the line. Under 

the assumption of the measurement error of one pixel, if the calculated value is greater than the 
threshold, we again regard it as an incorrect matching point and do not score it. When the square of 
the distance is less than the threshold, we calculate the projection error for the point. The calculation 
formula is as follows:  

 

 2= -E ES d                                        (2) 

 

Where ES  is the score of a feature point forward projection,   is the threshold. 

So far, the one-way projection step of the feature point has been completed. Then, the matching point 
of the feature point is back-projected. as follows: 

 

 

Fig. 5 Schematic diagram of dotted back projection 

 

The corresponding mapping relationship is as follows: 

 

 1
2l F p                                            (3) 

 

Similarly, calculate the square of the distance 2
1Ed between the matching point 1p  of the point 2p and 

the straight line. Under the assumption of the measurement error of one pixel, if the calculated 
distance square is greater than the threshold, we again regard it as an incorrect matching point and do 
not score it. When the square of the distance is less than the threshold, we calculate the projection 
error for the point. The calculation equation is as (4): 

 
2

1 1=E ES d                                        (4) 

 

Add the two calculated scores to get the score of the pair of matching points under the essential matrix. 
After performing the above operations for all matching points in the image, add all the scores. Finally, 
the score of the essential matrix is obtained.  
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In a plane environment, the imaging of the same feature point in three-dimensional space in different 
poses satisfies the point-to-point mapping relationship. As shown in fig. 6:  

 

 

Fig. 6 Point-to-point forward projection diagram 

 

Where H is the homography matrix. 

The above mapping relationship can be expressed as follows:  

 

 
1 1p Hp                                          (5) 

 

This paper directly selects the pixel distance from point to point as the error and calculates the square 
of the pixel distance 2

Hd between the matching point 2p  of 1p  and the mapping point 1p of 1p . 

Considering the measurement error of one pixel. If 2 5.99Hd  , the error of this point is considered to 

be large and the scoring operation is not performed; if 2 5.99Hd  , the score is calculated as follows: 

 

 25.99H HS d                                        (6) 

 

where HS is the point-to-point forward projection score of a feature point.  

After completing a forward projection, we perform a back projection. The schematic diagram is 
shown in Fig.7.  

 

 

Fig. 7 Point-to-point back projection diagram 
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Calculate the square of the distance between the matching point 1p of 2p and the mapping point of. 

If 2
1 5.99Hd   , the error of this point is considered to be large and the scoring operation is not 

performed; if 2
1 5.99Hd   , the score is calculated as follows: 

 

 2
1 15.99H HS d                                          (7) 

 

Finally, the forward projection score and the back projection score are added. At this point, the scoring 
of a pair of matching points on the homography matrix is completed. Perform the above process for 
all matching points in the image. Perform the above process for all matching points in the image. 
Finally, we choose the one with a higher score for pose estimation. 

4. Estimation of External Rotation Parameters of Camera and Inertial Unit 

The visual inertial SLAM system mainly involves camera coordinate system C, IMU coordinate 
system I, world coordinate system W and earth inertial coordinate system G. 

The monocular camera and IMU are installed in different positions of the mobile platform, and the 
collision during use will change the transformation matrix C={R | p }CI CI IT  between them. Therefore, 

the external rotation parameters (3)CIR SO  need to be estimated. Where CIT  represents the 

transformation matrix from the IMU coordinate system to the camera coordinate system. CIR

represents the rotation of the IMU coordinate system to the camera coordinate system. C Ip  represents 

the translation from the IMU coordinate system to the camera coordinate system. (3)SO is a three-
dimensional special orthogonal Lie group space.  

Since the monocular camera lacks scale information, the scale factor s is considered. The conversion 
relationship between camera coordinate system C, IMU coordinate system I and world coordinate 
system W is shown in Fig. 8. In the monocular inertial SLAM system, the first key frame pose is 
often used as the world coordinate system. 

 

 

Fig. 8 Reference frame conversion relationship 

 

According to the above figure, the symbolic variables have the following conversion relationship:  

 

 =RWI WC CIR R                                        (8) 

 

 W I W C WC C Ip s p R p                                      (9) 
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The estimation of the external rotation parameters between the monocular camera and the IMU is 
very important for the visual-inertial SLAM system. Wrong parameter estimation may lead to very 
poor positioning accuracy and mapping accuracy of SLAM, and even cause the process to crash. The 
relationship between the camera and IMU between 2 frames is shown in Fig. 9: 

 

 

Fig. 9 IMU camera position relationship between adjacent frames 

 

It can be clearly seen from the figure that there are two ways to convert from the camera coordinate 
system of the i  frame to the IMU coordinate system of the 1i  frame: 

1) The camera coordinate system of the i  frame is converted to the IMU coordinate system of the 
i  frame through the external rotation of the IMU and the camera, and then converted to the IMU 
coordinate system of the 1i  frame through the IMU coordinate system of the i  frame; 

2) The camera coordinate system of the i  frame is first converted to the camera coordinate system 
of the 1i   frame, and then converted to the IMU coordinate system of the 1i   frame through the 
external rotation of the IMU and the camera; 

The following relationship can be drawn: 

 

 
1 1

=
i i i iC C CI CI I IR R R R

 
                                    (10) 

 

The rotation matrix in the above formula can be expressed as a quaternion: 

 

 
1 1i i i iC C CI CI I Iq q q q
 
                                   (11) 

 

It can be derived from the formula (11): 

 

 
1 1 , 1 4 1[( ) ) ] =0

i i i iC C L I I R CI i i CIq q q Q q
     (                       (12) 

 

In formula (12), ,L R（）（）represents the left and right multiplication of quaternion. An equation (12) 
can be established between 2 frames of images. For a continuous image sequence, the following 
overdetermined equation can be constructed. It is solved by the Gauss-Newton iterative method. 
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5. Experimental Results and Analysis 

This experiment uses the Euroc dataset open sourced by the Zurich Federal Institute of Technology 
in the [16]. This data set collects binocular camera information and inertial measurement element 
measurement information. It is often used to evaluate the effect of visual inertial SLAM algorithms. 
This data set collects various data of the aircraft in 3 different scenarios as shown in Fig.10. According 
to the severity of the aircraft's movement, the data in the same scene is divided into different levels 
of difficulty to evaluate the positioning effect of the SLAM algorithm. In order to reflect whether the 
algorithm in this paper has the effect of improving the robustness of the environment, this paper 
selects two (a) factory environments and (b) empty rooms with different environmental characteristics 
among the three scenarios for comparison. Because the (a) factory environment and (c) indoor 
environment characteristics are very similar. Their image feature points are basically not in the same 
plane. But in the empty room, you can see that there is only the floor and some tiled cushions in the 
room. Their characteristic points can easily fall on the same plane. Choosing such a scenario for 
experimentation is enough to help us verify the correctness of the algorithm. 

 

 
Fig. 10 Euroc dataset scenario 

 

The results of this experiment are based on a laptop with Inter CPU I5-4200H and 8GB of RAM. The 
running results of the algorithm under the MH_01_easy data packet collected in the factory 
environment are as follows:  

 

 
Fig. 11 Position change in x y z direction 
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Fig. 12 Roll angle, pitch angle, yaw angle change 

 

 
Fig. 13 Running track graph 

 

In order to observe the experimental effect more intuitively, the absolute trajectory error and the 
relative trajectory error are calculated from the real trajectory provided by the MH_01_easy data 
package and the trajectory obtained by the improved algorithm. The comparison result is shown in 
Fig. 14.  

 

 
Fig. 14 Absolute trajectory error comparison 
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The dotted line in the figure is the real trajectory provided by the data set and the colored part is the 
trajectory result of this article. And the absolute error is reflected by the color of the corresponding 
line segment. Figure.15 shows the comparison results of absolute error, root mean square error, 
median, average error and standard deviation.  

 

 
Fig. 15 Comparison of changes in different indicators 

 

APE represents the absolute error change; rmse represents the root mean square error; median 
represents the median of the error; mean represents the average error; std represents the standard 
deviation; specific values are shown in Table 1.  

 

Table 1. Absolute trajectory indicators 

Error index Rmse/m Median /m Mean /m Std /m 

Value size 0.088299 0.077873 0.079745 0.037914 

 

Relative trajectory error comparison:  

 

 
Fig. 16 Relative trajectory error comparison 
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Fig. 17 Relative error comparison of various indicators 

 

RPE means relative error change; rmse means root mean square error; median means error median; 
mean means average error; std means standard deviation; specific values are shown in Table 2:  

 

Table 2. Relative error of each index value 

Error index Rmse/m Median /m Mean /m Std /m 

Value size 0.006254 0.003424 0.004697 0.004219 

 

It can be observed from Fig. 17 that the maximum relative error is 0.035m. But in the root mean 
square error and average value, we can analyze that the improved algorithm can basically control the 
positioning accuracy at the millimeter level. It can meet the requirements in most real-life 
environments.  

The performance of the algorithm proposed in this paper and the VINS-MONO algorithm under the 
same data set are shown in the fig. 18:  

 

 
Fig. 18 Comparison of the relative error index between the algorithm in this paper and the VINS-

MONO algorithm 



International Core Journal of Engineering Volume 8 Issue 6, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202206_8(6).0061

 

472 

 

The above figure shows that the experimental results of the algorithm in this paper are very similar 
to the results of the VINS-MONO algorithm, which is caused by the selected environment. The 
algorithm in this paper is mainly to improve the robustness of the system when the robot pure rotation 
and the feature points are on the same plane. But the MH_01 sequence is collected in a factory 
environment and the feature points rarely fall on the same plane. Therefore, when initializing the 
external parameters of the IMU and the camera, VINS-MONO omits the calculation of the 
homography matrix and the selection of the corresponding model compared to our algorithm. 
Therefore, the speed of calibrating the external parameters is faster and the initialization is faster. 
Thereby, the estimated positioning accuracy of the initialization process is improved. But compared 
with the algorithm in this paper, the gap is very small. 

In order to show the advantages of the algorithm in this paper, an empty room with more planes in 
EuRoc (V1 sequence) is selected for experiment. Directly select the V1_03 sequence with greater 
motion in the V1 scene for experimental analysis. The experimental results of the absolute and relative 
errors of the VINS-MONO algorithm and the real trajectory are as follows:  

 

 
Fig. 19 The absolute error between the VINS-MONO algorithm and the true trajectory 

 

 
Fig. 20 The relative error between the VINS-MONO algorithm and the real trajectory 
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The absolute and relative errors of the improved algorithm and the real trajectory are as follows:  

 

 
Fig. 21 The absolute error index comparison between the improved algorithm and the real trajectory 

 

 
Fig. 22 The relative error index comparison between the improved algorithm and the real trajectory 

 

Through comparison, we can get the comparison between the relative error and absolute error of the 
improved algorithm in this article and the VINS-MONO algorithm as follows:  

 

 
Fig. 23 Absolute error comparison between improved algorithm and VINS-MONO 
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The green curve in the above figure is the performance of the improved algorithm in this article, and 
the blue line is the performance of VINS-MONO. Analyze the above figure from the perspective of 
the time axis. When the system starts to run, the relative error of the algorithm in this paper will 
increase sharply. This is because the improved algorithm requires more time to initialize the 
calibration camera and IMU external parameters. During this period of time, the algorithm in this 
paper cannot provide external rotation calibration results, which will directly affect the calibration of 
the subsequent IMU zero offset, scale factor, gravity direction and acceleration offset. During this 
time, the robot's positioning information cannot be provided. Therefore, the error between the 
estimated trajectory and the true trajectory will suddenly increase. However, after the calibration of 
IMU and camera external parameters, the absolute error between the algorithm in this paper and the 
real trajectory decreases linearly. And the absolute error quickly drops below VINS-MONO. The 
algorithm converges quickly.  

 

 
Fig. 24 Comparison of the absolute error index of the improved algorithm and VINS-MONO 

 

In the figure above, green represents the algorithm of this paper and blue represents VINS-MONO. 
The algorithm in this paper is larger than VINS-MONO in terms of the maximum value of absolute 
error, but the maximum value of absolute error cannot reflect the stability of the overall operation of 
the system. In terms of other indicators including average, median and root mean square error, which 
can reflect the overall error of the system, the algorithm in this paper has a greater improvement than 
VINS-MONO. The following are the experimental results of the relative error.  

 

 
Fig. 25 Comparison of relative error index between improved algorithm and VINS-MONO 
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The mobile robot positioning aisle experiment environment is as follows: 

 

 
Fig. 26 Aisle experiment environment 

 

The overall layout of the corridor presents a U shape, and the indoor positioning effect of the mobile 
robot is shown in Fig. 27. 

 

 
Fig. 27 Indoor positioning effect 

 

The green line represents the trajectory of the mobile robot, and the estimated trajectory is consistent 
with the U-shaped layout of the corridor. Improved algorithm can meet the actual positioning needs 
of mobile robots. 
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6. Conclusion 

This paper selects data sets with different scene characteristics to carry out experiments. The relative 
error and absolute error of the actual trajectory are analyzed through experiments to prove that the 
algorithm in this paper can achieve a positioning accuracy similar to that of VINS-MONO in a general 
environment. But in some scenes with more planes, it is 30% higher than the VINS-MONO algorithm. 
It shows that based on the previous monocular visual-inertial SLAM system, this paper adds the 
calculation of the homography matrix and selects a suitable model through the bidirectional 
reprojection error to calculate the pose change of the camera. And use this result to automatically 
estimate the external rotation parameters of the IMU and the camera, which improve the robustness 
of the system in complex environments. At the same time, the collision of the robot in the running 
process will cause the external parameters to change, the automatic external parameter estimation 
procedure when the robot is started can be greatly convenient for the user and has great practical 
value.  
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