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We propose a new hierarchical method to match keypoints by exploiting 

information across multiple scales. Traditionally, for each keypoint a single 

scale is detected, and the matching process is done in the specific scale. We 

replace this approach with matching across scale-space. The holistic 

information from higher scales are used for early rejection of candidates

that are far away in the feature space. The more localized and finer details of 

lower scale are then used to decide between remaining possible points. The 

proposed multi-scale solution is more consistent with the multi-scale 

processing that is present in the human visual system. 

We evaluate our method on several datasets and achieve state of the art 

accuracy, while significantly outperforming others in extraction time.

The problem of keypoint localization and matching is one of the most 

fundamental problems studied in computer vision, with broad applications. 

Finding point correspondence between two images can be broken into 

several steps. In the first step sparse set of keypoints are located on the 

image and scale and orientations are assigned. In the second step the 

neighborhood around the keypoints are mapped into the feature space based 

on the detected scale. However, keypoints are rarely distinguishable in their 

natural scales and the background information is vital for unambiguous 

matching. We introduce an iterative pruning process that can utilize data from 

both high and low scale descriptors.

The literature on multi-scale descriptor and how to utilize information present

in scale-space is relatively thin. Motivated by how humans use clues from

multiple scales to find point correspondence, we introduce an iterative

matching that uses the data from higher scales to early reject the

mismatches.

In this paper we propose a computationally efficient multi-scale matching

process. The multi-scale matching can increase the accuracy of both hand-

crafted and learned features.
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The Process starts at the highest 

scale. In the highest scale, 

keypoints are divided into two 

groups: rejected candidates and 

possible matches. This process is 

repeated until the final step is 

reached or there are only two 

candidates remaining.

At each scale, the candidates are 

classified based on their distance 

from the query keypoint. Let 

𝑟𝑡ℎand 𝑎𝑖 be the cutoff distance 

and 𝑖𝑡ℎ local feature point on the 

first image. Let 𝑢1, . . , 𝑢𝑛 be the 

set of accepted points with 

condition 𝑑(𝑎𝑖,𝑢𝑗) < 𝑟𝑡ℎ. Let 

𝑣1, . . , 𝑣𝑛 be the set of rejected 

points with condition        

𝑑(𝑎𝑖,𝑣𝑗) > 𝑟𝑡ℎ.

The cutoff threshold is then 

calculated by maximizing the 

function :  

Maximum Margin Nearest Neighbor 

Mean Average Precision for Multiple datasets

𝑑1 is the distance to the closest 

rejected point and 𝑑2 is the 

distance to the furthest accepted 

point. The goal is to maximize the 

difference between the two values 

so that the rejected points are as 

far as possible while accepted 

points cluster closely to the query 

point. The margin of confidence in 

this case is 𝑑1 − 𝑑2.
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Time Analysis 

Time-mAP trade off for multi-scale approaches 

We compare our method with state of the art over multiple datasets. 

We demonstrate that adding the multi-scale iterative matching can 

increase the performance of both hand-engineered (Such as SIFT) 

and learned features (Such as SOS-Net).

Since the proposed method can reach maximum performance with 

as few as 2 scale, the feature extraction phase takes less time than 

the competitive methods. The proposed iterative pruning takes more 

time than the nearest neighbor used in competitors, however since 

matching is small portion of the overall time, our method is 

computationally more efficient for up to 2000 keypoints.


