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4  Results 

Figures: Correct matches and benchmarking results 

Figures: Matches found in a picture, circles filtering technique realized for better features extraction. 5  Conclusion 

This method allows to robustly scale the point cloud, including multiple 
cities and still get good pose estimations, so it represents a really 
scalable solution.  
The advanced method cannot really show good improvements on the 
Dubrovnik dataset alone, as there is not much to improve on it. The 
better quality found does not justify the much more complex algorithm, 
which also has a lot more parameters to tune. The algorithm proposed 
would be most useful when multiple datasets with similar features (such 
as Rome and Dubrovnik) are fused together. However, testing this would 
require to fuse datasets and re-index all matches and cameras. For a 
world-wide pose estimation, multiple FLANN kd-trees and distribution 
across clusters seems to be necessary, but not hard to achieve.  
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3  Advanced approach 

1  Overview 

We tackle the problem of getting a full 6-DOF pose estimation of a query 
image inside a given point cloud. This project re-evaluates the algorithms 
proposed by Y. Li et al. “Worldwide Pose Estimation using 3D Point 
Cloud” [3]. Our code computes poses from 3 or 4 points, with both known 
and unknown focal length. The results can easily be displayed and 
analyzed with Meshlab. We found both advantages and shortcomings of 
the methods proposed. Furthermore, additional priors and parameters for 
point selection, RANSAC and pose quality estimate (inlier test) are 
proposed and applied. Our new benchmarking analysis gives insights on 
the problems of completely off poses and proposes algorithmic 
improvements that could be made.  

2  Implementation 
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order to do this, we start by centering the features around
the image center.

This calculation is needed in order to be coherent with
our coordinate system along all the different algorithms. We
then proceed to the real testing of the current P4pf solu-
tion. After that we check that the 2 norm error between the
point on the image and the reprojected points fulfills the re-
quirement given before and, if that is the case, we assess the
quality of the pose and fitted matches as following:

• G,F : Sets of good and fit matches.
• w, h; Image width and height.
• c = w

40 : Half of the area size covered by a match.
• m

x

,m
y

: Match x and y coordinate on the picture.
• Ig

i,j

: Image map of covered areas by good matches.
• If

i,j

: Image map of covered areas by fitted matches.
• Ag: Image area covered by good matches.
• Af : Image area covered by fitted matches.
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This quality estimate has a lower bound of 0 and an up-
per bound of 1. It is used to tell if one solution is better
than another. The amount of fitted matches does not mat-
ter for selecting the best solution, only the quality estimate
does. After assessing that the quality of the current solution
is better than the previous one we save the solution as the
most viable. The whole RANSAC process is repeated until
the exit conditions apply or all steps are used up.

3.2. Advanced approach

The advanced approach aims, as mentioned in the paper
by Y. Li et al. [1], to create a robust and scalable algorithm
for worldwide size point clouds. We tried our best to follow
the approach mentioned and, whether the paper did not pro-
vide solutions or information, we tried to implement state-
of-the art solutions, in order to achieve the best result. In or-
der to be able to benchmark the two approaches, we focused
on implementing the bidirectional matching and the co-
occurrence prior sampling techniques mentioned, and tuned

them with our own parameters. We kept the same code for
the construction of the kd-tree. When coding the Lowe’s
test, we also save the cameras in which the dataset point was
observed into, carrying over this information with the match
struct. This is necessary for the improved RANSAC algo-
rithm, where camera set intersections are computed. The
Lowe’s test ratio is now 0.9, and the co-occurence prior will
discriminate wrong matches sufficiently. We then begin the
RANSAC algorithm with the following parameters:

• Exact number of iterations: 100 (no backmatching),
200 (with backmatching).

• L2 distance (reprojection) for inliers: 0.5m.
• Fraction of good matches as inliers (fitted matches) to

skip backmatching: 1/10th.
• Total amount of good matches as inliers (fitted

matches) to skip backmatching: 12.

Note that the stopping conditions for our advanced ap-
proach are different, and a set of 12 fitted matches will not
stop RANSAC, but only skip the backmatching. This will
lead to better quality solutions while still having short run-
ning times, as elaborated in section 5.

The paper by Y. Li et al. [1] introduces two new tech-
niques which we used:

1. Co-occurrence of 3D model points in images to im-
prove RANSAC.

2. Bidirectional matching (backmatching) of 3D model
points with image features.

The co-occurrence prior consists of pre-filtering points
in order to reduce RANSAC iterations and improve per-
formance. We draw points sequentially and then decide
whether to accept the point or not by associating a proba-
bility proportional to the size of the intersection.

P̃ r
select

(p
i

|p1, ..., pi�1) / |A
p1 \ ... \A

pi | (8)

Although equation 8 and its origin ar well explained in
the paper by Y. Li et al. [1], nothing is said about how the
probability should be calculated. We decided to compute it
as follows:
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This allows equation 11 to get 75% acceptance probability
pre-multiplier when |A

p1 \ ...\A
pi | = k which we set to 5.
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Key Steps: 

1.  Co-occurrence prior 

sampling 

2.  Probability of co-

occurrence 

3.  Backmatching 
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Program structure: 
 
1.  Load Dubrovnik datasets (golden + information) 
2.  Choice of basic or advanced processor 
3.  SIFT averaging and kd-tree population 
4.  Query an image 
5.  Start the benchmarking phase 
6.  Export model for Meshlab visualization 
7.  Export camera project and projection 

1784 1573 1356 1230 … … 452 346 … 24 

Priority queue 

Basic Advanced 
Time [s] 6.4 5.3 
Queries with less than 0.5m error [%] 16.5 27.12 
Median error [m] 2.42 1.6 
Mean error [m] 33.0 32.5 


