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Project Summary
The ability to extract 3D information from images is a problem that engineers have worked on for decades. 

The field is known as Structure-from-Motion (SfM) in computer graphics and Visual Simultaneous 

Localisation and Mapping (Visual SLAM) in robotics. The techniques developed have applications in 

medicine, architecture, autonomous vehicles, structural analysis and disaster relief. For example, it has 

been used to delimit flood risk areas (2008, I. Ion et al), medical imaging (2005, B. Starly et al.), 

deformation detection and structural health monitoring and to assist first responders and investigators in 

natural disaster and humanitarian crises (2021, R. P. Murphy). 

While many algorithms exist, there is still a need to find techniques that are more performant. This is 

especially the case when processing power is limited or when the results are required almost immediately. 

For example, drones and autonomous cars that are navigating in an unknown environment will need to 

make decisions in fractions of a second based on what they can see. 

The goal of this work was to determine to what extent physical sensor data could be used to reduce the 

amount of processing required to extract a device’s position and orientation  in its environment.

This work focused on whether the performance of pose extraction can be improved using an initial pose 

estimate captured using other sensors on the device. In this problem, the goal is to determine the pose of 

a camera relative to a reference camera, or the difference in position and rotation between the two. This is 

done by finding matching regions (or “features”) in the image capture by each camera, determining the 

reprojection error between the two, and then minimizing it. The problem is described visually in Figure 1. 

The estimate for the position of the camera on the right is off such that the features, when reprojected, 

result in an error between the two; seen as 𝑒 on the diagram. Pose refinement algorithms determine how 

to move the camera to minimize this error.

Implementation

The processing graph of the pose refinement system developed in this work is shown in Figure 2. For 

testing purposes the plant was replaced with test. Feature extraction was performed using the Oriented 

FAST and Rotated BRIEF (ORB) algorithm (Rublee, 2011) and then matched using the distance ratio test 

(Lowe, 2004). Pose refinement is then performed on image pairs 𝑖 and 𝑗, the first being the reference 

image (whose pose is taken as accurate) and the second being the process image (whose pose still needs 

to be refined).

Inputs to pose refinement system are feature pairs 𝑓𝑘,𝑐𝑖 and 𝑓𝑘,𝑐𝑗 matched between each image, pose of 

the reference image 𝑇𝑖 and pose estimate of the process image 𝑇𝑗. Each features lies on the 3D ray that 

passes from camera centre through feature’s position on camera image plane into the scene. If pose 

estimate for process camera is perfectly accurate, then each feature ray pair intersects at the point where 

the feature is located. Otherwise, two estimates for the position exist (Figure 1) 𝑝𝑘 and 𝑞𝑘.

The problem of pose refinement can be understood as the process of moving the process camera to 

eliminate the distance between these point pairs (Figure 3).

Figure 2: Pose refinement system implemented in this work

In this work, a technique from Image Based Visual Servo Control (IBVS) was used. On the process camera’s 

image plane, the two feature position estimates are subtracted to form the error term, using the process 

camera’s interaction matrix 𝐼𝑗:

𝑒 = 𝐼𝑗 ⋅ 𝑇𝑐𝑗 ⋅ 𝑝𝑘 − 𝑓𝑘,𝑐𝑗

Position and rotation of the camera is updated incrementally using control law:
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Where 𝑢𝑘,𝑐𝑖 and 𝑣𝑘,𝑐𝑖 are the x and y coordinate of the reference camera feature estimate in the process 

camera’s view space, and 𝑍 is the distance of each feature estimate from the process camera. 

Figure 3: 16 feature pairs on the process camera image frame during pose refinement 

Results

The algorithm implemented in this work is able to correct small errors in the rotation and position of the 

process camera. The time-to-convergence depends on both the initial pose error as well as the

triangulation error, and as such must be adjusted for the target application. Empirically it was found using 

25 iterations for errors within half a metre and 30 degrees was usually enough for convergence (Figure 3).

Figure 3: Left – Convergence of e on both the x axis (red) and y axis (green) for the case shown on the Right 
– The camera frustrum before post refinement (red), afterward (green) and the ground truth (blue)

Figure 1: Improving the estimate of  Camera 𝑐𝑗 for the feature 

However, there is a physical limit to the maximum refinement possible. There are a number of issues that 

hinder performance:

• Triangulation error: The depth of each point in the scene must be estimated for RGB cameras.

• Feature extraction error: The features matched by the feature matches often don’t exactly line up 

between two image frames.

• Quantization error: For features that are further away, the maximum precision they can triangulated to 

is limited by the size of the pixels on the image frame.

• Positions close to the true value often result in a small screen space error. 

Conclusions 

The algorithm implemented in this work successfully demonstrated the ability to refine the pose of a 

camera given a reference camera and an initial pose estimate. However, due to the variable convergence 

time, state-of-the-art perspective and point algorithms, such as lambda-twist (Persson, 2018), which

consistently converge in few iterations may be preferential for real time applications.

An area of future research is to determine whether pose estimates can be used to increase the 

performance of feature extraction and matching. This is an area that has received attention recently with 

models like LoFTR (Sun, 2021) and SuperGlue (Sarlin, 2019) using machine learning to find hundreds of 

matches between image pairs compared to the two or three dozen found by the ORB matcher used in this 

work. Using an initial pose estimate for the new image could potentially be used to reduce the search 

region for feature matches between image pairs.
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