MULTI-SCALE KEYPOINT MATCHING
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ABSTRACT METHOD RESULTS
We propose a new hierarchical method to match keypoints by exploiting Th . o .
- - - . SV e Process starts at the highest Al Key-points in second image We compare our method with state of the art over multiple datasets.
mformatlon across multiple scalgs. Tradltlonqlly, for e.ach keyp0|.n.t a single scale. In the highest scale, We demonstrate that adding the mult-scale fterative matohing can
scale Is detected, and the matching process is done in the specific scale. We keypoints are divided into two J J

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

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 detalls of

groups: rejected candidates and

possible matches. This process is Rejected points

. . . . repeated until the final step is - -
lower scale are then used to decide between remaining possible points. The : eg ched or there are only tpwo Dossible matches as few as 2 scale, the feature extraction phase takes less time than
proposed multi-scale solution is more consistent with the multi-scale candidates remaining ' the competitive methods. The proposed iterative pruning takes more
processing that is present in the human visual system. ' time than lthe nearest pe|ghbor used in gompehtors, rowgver since
We evaluate our method on several datasets and achieve state of the art At each scale. the candidat matching Is small portion of the overall time, our method is
accuracy, while significantly outperforming others in extraction time. val Sbdle, He Lalltiiares dre computationally more efficient for up to 2000 keypoints.
classified based on their distance
from the query keypoint. Let B = ==
INTRODUCTION renand a; be the cutoff distance g i
and ith local feature point on the
The problem of keypoint localization and matching is one of the most firstimage. Let {u4,..,u,} be the [ owest Scale ;| [
fundamental problems studied in computer vision, with broad applications. set of accepted points with | /
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several steps. In the first step sparse set of keypoints are located on the {v4,.., vy} be the set of rejected , Time Analysis
image and scale and orientations are assigned. In the second step the points with condition ol match Method Ontord | Weboan | HPtches
neighborhood around the keypoints are mapped into the feature space based da,v) > Ten oSN SLEETN BN B 28
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on the detected scale. However, keypoints are rarely distinguishable in their The cutoff threshold is then e b T T T e
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natural scales and the background information is vital for unambiguous calculated b SO SSPSIFT™ OES e A
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matching. We introduce an iterative pruning process that can utilize data from function : STFT + ours(top-bottom) 6102 | 25.64 | 4687 8 ol .
- . unction . SIFT + ours(bottom-top) 60.41 25.10 47.04 = » 8 drEne
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SOSNet =+ ours(bottom-top) 68.82 27.37 50.63 Feature Extraction Time(s)

rin(ai) = arg max(min(flai — uj)| —max(flai — v;j|))
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Time-mAP trade off for multi-scale approaches

Mean Average Precision for Multiple datasets
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— d, Is the distance to the closest
pyramid =, rejected point and d,, is the DISCUSSION
. _ _ o distance to the furthest accepted In this paper we propose a computationally efficient multi-scale matching
e bxaction " Descrpion " Formatir point. The goal Iis to maximize the process. The multi-scale matching can increase the accuracy of both hand-
difference between the two values crafted and learned features.
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