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Abstract 

In order to realize the modelling of non-cooperative textured targets in complex 
environments with real-time relative positional calculations, a method is proposed 
based on feature points and constructing a mesh model of the target surface using an 
RGB camera to achieve real-time relative positional calculations. Feature points are 
extracted from two frames and matched, and the matching relationship is used to 
recover the feature points into 3D space, i.e. under the world coordinate system, to form 
a point cloud. A grid model is built based on the recovered target point cloud, and the 
target object is separated from the background based on the existing grid, and then 
outliers are further eliminated using octree voxel filtering to gradually improve the 
point cloud and grid model to realize non-cooperative target co-option. Closed-loop 
optimization is further utilized to suppress scale drift and improve the accuracy of the 
positional calculation while reducing the target model recovery error. Experiments 
show that the target 3D information can be recovered online in an unstructured 
environment to achieve accurate target relative positional computation. 

Keywords 

Non-cooperative Objectives; Positional Calculations; Feature Modelling; Non-Linear 
Optimization. 

 

1. Introduction 

In-orbit docking and space junk removal are important components of space technology, and 

significant progress has been made in modelling and positional calculations for non-cooperative 

targets in space. In the field of robotic environment sensing technology, modelling and positional 

calculations for non-cooperative targets are difficult and complex due to the complex ground 

environment, the lack of model a priori information and the need to remove background interference. 

Augenstein and Rock proposed a fusion algorithm based on Bayesian probability estimation and 

machine vision to compute non-cooperative tumbling target poses, achieving real-time smooth 

estimation of moving target poses [1]. Hajimolahoseini et al. used state space and extended Kalman 

filter to achieve real-time poses computation for spatially rigid bodies, using a state space model for 

image feature points and then using extended Kalman filter to solve poses [2]. Sharma et al. proposed 

a new approach to pose computation using convolutional neural networks. To address the large 

amount of image data required for neural network training and to further eliminate acquisition errors, 

an image synthesis pipeline was introduced to generate high-fidelity images of any spacecraft [3]. 

Xiaodong Du computed the positional attitude by tracking a series of feature points on the spacecraft 

using the extended Perspective-N-Point (PNP) algorithm [4]. Fang Yin and Yun Wu used LIDAR to 

generate a target point cloud model, used the Iterative Closest Point (ICP) algorithm to calculate 

relative poses, used GLAROT-3D global descriptor detection loopback to achieve positional 
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optimization, and constructed a spatially non-cooperative target point cloud model while calculating 

poses [5]. 

Most of the above methods focus on detecting targets in the space environment with little background 

interference, and most of them track special structures on the spacecraft surface to achieve the 

positional calculation, using more constraints, which are difficult to apply to the calculation of 

specific non-cooperative target poses in the complex environment of ground robots. In this paper, we 

use a non-cooperative target for attitude calculation and modelling, without any a priori information 

about the target (features, dimensions, etc.), and only at the beginning of the observation, by 

interactively and manually determining the target to be observed in the environment, to achieve a true 

non-cooperative target attitude calculation and model construction. The pose is calculated using 

feature point matching, and the target is perfectly separated from the background using model space 

topological constraints and octree based voxel filtering. In addition, we introduce inter-frame 

similarity variation as a constraint to optimise the pose map and eliminate the errors caused by scale 

drift, so as to achieve a globally uniform and highly accurate pose calculation and modelling for non-

cooperative targets. 

2. Basic Algorithm 

2.1 Overall Algorithm Flow 

The basic algorithm process can be divided into three main parts, namely the tracking part, the grid 

building part and the loopback detection part. In the tracking part, we extract the feature points from 

each input frame, the feature algorithm here is ORB feature, and then match the feature points with 

the adjacent frames, we can obtain the camera pose of the frame through the matching relationship, 

and use the camera pose to back-project the feature points into the 3D space to form a point cloud. 

For the mesh building part, if we are in the initialization state, we will use the 3D points obtained 

during the initialization to build a relatively simple mesh model of the target object, and then based 

on this mesh, we will make a selection of the subsequent 3D points generated, keeping only the 3D 

points that we think belong to the surface of the target object, and then gradually improve the mesh 

model by adding the subsequent 3D points. In addition, each time we build the mesh we pre-process 

the point cloud in order to obtain a better and more complete mesh model. In the loopback detection 

part, as we only consider the matching correlation between adjacent frames in the tracking part, when 

the camera is running for a long period of time, there will inevitably be cumulative errors, resulting 

in unreliable results and an inability to obtain a globally consistent trajectory, which requires loopback 

detection, which can provide a longer time interval constraint to correct the poses and obtain a 

globally consistent estimate. The basic algorithm flow is illustrated in Figure 1. 

 

 

Figure 1. Overall algorithm flow               Figure 2. ORB matching result 
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2.2 Tracking 

Feature points are extracted from each frame and used for image matching. The ORB feature is made 

up of two parts, its key point is called "Oriented FAST", a modified FAST corner point, and its 

descriptor is called BRIEF (Binary Robust Independent Elementary Features). Robust Independent 

Elementary Features). Therefore, the extraction of ORB features is a two-step process: 

I) FAST corner point extraction: finding the "corner points" in the image. FAST corner points are 

known for their speed in detecting localized pixels with significant grey scale changes. The idea is 

that if a pixel differs significantly from its neighbors (too bright or too dark), then it is more likely to 

be a corner point. Compared to other corner detection algorithms, FAST is very fast as it only needs 

to compare the magnitude of the pixel's brightness. In contrast to the original FAST corner point, the 

ORB computes the principal direction of the feature point, adding a rotation-invariant property to the 

subsequent BRIEF descriptor. 

II) The BRIEF descriptor: describes the image region around the feature point extracted in the 

previous step, ORB uses a modified BRIEF feature description. BRIEF is a binary descriptor whose 

description vector consists of a number of zeros and ones, where the zeros and ones encode the size 

relationship between two pixels (say p and q) near the key point: if p is larger than q, then 1 is taken, 

and vice versa. If we take 128 such p:q, we end up with a 128-dimensional vector of 0's and 1's. For 

p and q, the positions of p and q are by and large picked randomly according to some probability 

distribution. BRIEF uses a comparison of randomly selected points, which is very fast and easy to 

store due to the use of a binary representation, and is suitable for real-time image matching. The 

original BRIEF descriptors are not rotationally invariant and are therefore prone to loss when the 

image is rotated. ORB computes the orientation of the key points during the FAST feature extraction 

stage, so the orientation information can be used to compute the "Steer BRIEF" feature after rotation, 

giving the ORB descriptor good rotational invariance. Figure 2 shows a diagram of orb feature 

matching. 

Suppose that we have a pair of well-matched feature points from two images, like the one shown in 

Figure 3. If we have a number of such matched pairs of points, we can recover the motion of the 

camera between the two frames by means of epipolar geometry. 

 

Figure 3. Epipolar geometry 

 

Taking Figure 3 as an example, we wish to find the motion between two images 𝐼1, 𝐼2. Let the motion 

from the first frame to the second frame be 𝑅, 𝑡. The two camera centres are 𝑂1, 𝑂2. Now, consider 

that there is a feature point 𝑝1 in 𝐼1 which corresponds to the feature point 𝑝2 in 𝐼2. These two 

points are obtained by feature matching. If the matching is correct, it means that they are indeed 

projections of the same spatial point 𝑃 on two imaging planes. Let the spatial position of 𝑃 in the 

camera coordinate system of the first frame be: 

𝑃 =  [𝑋, 𝑌, 𝑍]𝑇                                (1) 

The pixel positions of the two pixel points 𝑝1, 𝑝2 are: 

𝑠1𝑝1 = 𝐾𝑃,  𝑠2𝑝2 = 𝐾(𝑅𝑃 + 𝑇)                         (2) 

Here 𝐾  is the camera internal reference matrix and 𝑅, 𝑡 is the camera motion between the two 

coordinate systems. If its sub coordinates are used, then the above equation can be written as an 

equation that holds under multiplication by a non-zero constant: 



International Core Journal of Engineering Volume 7 Issue 9, 2021 

ISSN: 2414-1895 DOI: 10.6919/ICJE.202109_7(9).0024 

 

156 

𝑝1 = 𝐾𝑃,  𝑝2 = 𝐾(𝑅𝑃 + 𝑡)                          (3) 

Now take: 

𝑥1 =  𝐾−1𝑝1, 𝑥2 =  𝐾−1𝑝2                          (4) 

Here 𝑥1, 𝑥2 are the coordinates on the normalised plane of the two pixel points. Substituting into the 

above equation, we get: 

𝑥2 = 𝑅𝑥1 + 𝑡                                (5) 

Both sides are simultaneously multiplied left by 𝑡^, which is equivalent to both sides simultaneously 

making an outer product with 𝑡 and simultaneously multiplying left by 𝑥2
𝑇: 

𝑥2
𝑇𝑡^𝑥2 =  𝑥2

𝑇𝑡^𝑅𝑥1                             (6) 

Observe that on the left-hand side of the equation, 𝑡^𝑥2 is a vector perpendicular to both 𝑡 and𝑥2. 

When making it an inner product with 𝑥2 again, we will get 0. Thus, we get a concise equation. 

𝑥2
𝑇𝑡^𝑅𝑥2 = 0                                (7) 

Substituting again for 𝑝1, 𝑝2, we have: 

𝑝2
𝑇𝐾−𝑇𝑡^𝑅𝐾−1𝑝1 = 0                             (8) 

Equation (7) (8) is known as the epipolar geometry and is famous for its simplicity of form. Its 

geometric meaning is that 𝑂1, 𝑃, 𝑂2 are coplanar. The pair-pole constraint contains both translations 

and rotations. The pair-pole constraint can be further simplified by noting the middle part as two 

matrices: the basis matrix 𝐹and the essence matrix 𝐸: 

𝐸 =  𝑡^𝑅, 𝐹 = 𝐾−𝑇𝐸𝐾−1, 𝑥2
𝑇𝐸𝑥1 =  𝑝2

𝑇𝐹𝑝1 = 0                   (9) 

The epipolar constraint gives a concise relationship between the spatial positions of the two matched 

points. The camera pose estimation problem then becomes a two-step process as follows: 

I) Solve for 𝐸or 𝐹 depending on the pixel location of the matching points. 

II) Calculate 𝑅, 𝑡 based on 𝐸 or 𝐹 

After obtaining the rotation matrix R and the translation vector t, the motion of the camera can then 

be used to estimate the spatial position of the feature points and, through triangulation, to recover the 

coordinates of the 3D points corresponding to the feature point pairs. Triangulation means that the 

distance to the same point is determined by looking at the angle of the same point at two places. Take 

Figure 4 as an example. 

 

Figure 4. Triangulation 

 

Consider images 𝐼1 and 𝐼2, using the left image as a reference and the transformation matrix of the 

right image as 𝑇. The camera optical centres are 𝑂1 and 𝑂2. There is a feature point 𝑝1  in 𝐼1 , 

corresponding to a feature point 𝑝2  in𝐼2 . Theoretically the straight lines 𝑂1𝑃1  and 𝑂2𝑃2  would 

intersect in the scene at a point 𝑃, which is the position of the map point corresponding to the two 

feature points in the 3D scene. However, due to noise, these two lines often do not intersect. Therefore, 

it is again possible to solve for this by means of least sqaure. 

By definition in Epipolar geometry, let 𝑥1, 𝑥2 be the normalized coordinates of two eigenpoints, then 

they satisfy. 

𝑠1𝑥1 =  𝑠2𝑅𝑥2 + 𝑡                              (10) 
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Now that we know 𝑅, 𝑡 and want to solve for the depths 𝑠1, 𝑠2 of the two feature points, the left 

multiplication 𝑥1
^ on both sides of the above equation: 

𝑠1𝑥1
^𝑥1 = 0 = 𝑠2𝑥1

^𝑅𝑥2 + 𝑥1
^𝑡                         (11) 

The left-hand side of this equation is zero, and the right-hand side can be seen as an equation for 𝑠2, 

from which 𝑠2 can be found directly. with 𝑠2, it is also very easy to find 𝑠1. Thus we have the depths 

of the points under the two frames, and determine their spatial coordinates. Of course, due to the 

presence of noise, our estimated 𝑅, 𝑡, does not necessarily make equation (10) exactly zero, so it is 

more common to find the least squares solution rather than the zero solution. Once we have a set of 

3D points, we turn this collection of points into a point cloud, using these point clouds we can build 

a mesh model and prepare for the subsequent separation of the target object from the background. 

2.3 Modeling 

The mesh model is constructed from point clouds, so the quality of the point clouds is related to the 

quality of the mesh model, and we often encounter problems with point clouds, such as: irregular 

density of point cloud data needs to be smoothed, outliers need to be removed due to occlusion and 

other problems, a large amount of data needs to be downsampled, etc. Therefore, the first step is to 

pre-process the point clouds, the first step is point cloud downsampling, that is, voxel filtering, on the 

input The first step is point cloud downsampling, or voxel filtering, which creates a 3D voxel raster 

of the input point cloud data, with the centre of gravity of all the points in the voxel being used to 

approximate the other points in the voxel, so that all points in the voxel are represented by a final 

centre of gravity point. The advantage of this is that the shape of the point cloud can be preserved at 

the time of downsampling, and a representative sample can be taken from the original large volume 

sample, according to certain rules, instead of the original sample, thus saving a lot of time and 

resources for subsequent processing. The next step is to use the removal of outliers in the point cloud 

to perform a statistical analysis of each point's neighbourhood, its average distance to all its 

neighbouring points. Assuming that the result obtained is a Gaussian distribution whose shape is 

determined by the mean and standard deviation, points whose mean distance is outside the standard 

range (defined by the global distance mean and variance) can be defined as outliers and can be 

removed from the point cloud data. Finally we apply a greedy projection triangulation algorithm, 

which projects the 3D points through the normal to a plane, and then triangulate the resulting point 

cloud in-plane to obtain the connectivity of the points. The Delaunay-based triangulation algorithm 

is used in the triangulation of the planar region to grow the spatial region. The resulting triangulated 

grid is the reconstructed surface model, which is based on the topological connections between the 

original 3D points according to the projected point cloud. 

Figure 5 below shows the result of the mesh model creation, where 5(a) shows the original image of 

the input image, while 5(b) shows the result obtained by back-projecting the points of the triangular 

surface pieces that make up the mesh model back onto the image. 

It can be noticed that the final mesh model constructed is not that refined due to the uneven 

distribution of feature points, but we managed to separate the target object from the background and 

the overall result is good. 

           

(a). Original picture                   (b). After modeling 

Figure 5. Mesh model 
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2.4 Loop detection 

For loop detection, since feature matching is relatively time-consuming and the feature description is 

relatively unstable when the illumination changes, instead of using feature matching to find loopback 

frames, the bag-of-words model is used as a way to determine the similarity between different frames, 

so as to find similar frames of the current frame, and the model is optimised for loopback using the 

bitmap to eliminate scale drift and cumulative errors. 

3. Experimental result 

Here we use the Tum dataset from the University of Munich for the measurement of positional 

accuracy, taking into account the effect of point cloud pre-processing, giving 5 simulations to give 

absolute trajectory error, which gives a very visual representation of the algorithm accuracy and 

global consistency of the trajectory, the results are shown in the following table, and a visual 

comparison between our solved positional trajectory and the real trajectory is also given in Figure 6. 

By processing the point cloud, we can improve the accuracy by almost 15% and at the same time 

the results are relatively stable, achieving relative positional estimates at the centimetre level. 

 

Table 1. Experimental result 

Unit: meter 1 2 3 4 5 Average 

With filter 0.012150 0.011976 0.012712 0.011117 0.012420 0.012075 

Without filter 0.013851 0.017929 0.013220 0.013407 0.010950 0.013814 

 

 

Figure 6. Trajectory comparison 

4. Conclusion 

In this paper, the feature point method and grid model are used to realise real-time pose calculation 

and modelling of non-cooperative targets in complex environments. The camera pose is obtained by 

feature point matching and the point cloud is obtained by the current triangular grid, and the target 

space topological constraints and voxel filtering are used to filter the point cloud twice, effectively 

eliminating backgrounds and interferences. The similarity variation between frames is introduced and 

the model is optimised by loopback using the pose map to eliminate scale drift and cumulative errors. 

The experimental results show that the algorithm can achieve real-time pose calculation and 

modelling for non-cooperative targets in complex environments, providing a new method for vision-

based spatial technology and robot environment perception. 
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