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Abstract

Local feature matching is essential for many applications, such as localization and 3D
reconstruction. However, it is challenging to match feature points accurately in various
camera viewpoints and illumination conditions. In this paper, we propose a framework
that robustly extracts and describes salient local features regardless of changing light and
viewpoints. The framework suppresses illumination variations and encourages structural
information to ignore the noise from light and to focus on edges. We classify the el-
ements in the feature covariance matrix, an implicit feature map information, into two
components. Our model extracts feature points from salient regions leading to reduced
incorrect matches. In our experiments, the proposed method achieved higher accuracy
than the state-of-the-art methods in the public dataset, such as HPatches, Aachen Day-
Night, and ETH, which especially show highly variant viewpoints and illumination.

1 Introduction

Extracting and describing local features for matching is essential, especially in computer
vision tasks that involve image matching, searching, tracking, and 3D reconstruction [12, 24,
39]. Feature matching focuses on three main phases when given two similar images are to be
matched: feature detection, feature description, and feature matching [4, 20]. The primary
goal of feature matching is to optimize matching accuracy while minimizing the memory
footprint of earlier applications. The extracted features should be sparse, highly repeatable,
and precise. Each image’s salient features, such as its corners, are initially recognized as
interest points during the detection phase. Then, local descriptors are extracted based on the
neighborhood regions of these interest points and used in the matching algorithms.
Classical approaches [3, 20] concentrate on the detect-then-describe method, where they
first detect the points by analyzing the gradient of the image before describing the points with
directional information. Furthermore, these approaches [3, 20] have shifted research trends
by the emergence of deep learning methods [7, 40, 44]. Since deep convolutional neural
networks (DCNNs) can automatically learn features, mimic traditional detector behaviors,
and process complex images, CNN methods have achieved remarkable performance than

© 2022. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.


Citation
Citation
{Heinly, Schonberger, Dunn, and Frahm} 2015

Citation
Citation
{Noh, Araujo, Sim, Weyand, and Han} 2017

Citation
Citation
{Sv{ä}rm, Enqvist, Kahl, and Oskarsson} 2016

Citation
Citation
{Cheng, Leng, Wu, Cui, and Lu} 2014

Citation
Citation
{Lowe} 2004

Citation
Citation
{Bay, Tuytelaars, and Vanprotect unhbox voidb@x protect penalty @M  {}Gool} 2006

Citation
Citation
{Lowe} 2004

Citation
Citation
{Bay, Tuytelaars, and Vanprotect unhbox voidb@x protect penalty @M  {}Gool} 2006

Citation
Citation
{Lowe} 2004

Citation
Citation
{DeTone, Malisiewicz, and Rabinovich} 2018

Citation
Citation
{Tian, Fan, and Wu} 2017

Citation
Citation
{Zagoruyko and Komodakis} 2015


2 JUNG ET AL.: LOCAL FEATURE EXTRACTION FROM SALIENT REGIONS

before [22, 41, 42]. These data-driven methods concentrate on sparse points by leveraging
descriptors’ information for corresponding points. At the same time, several networks [7, 29]
attempted to achieve better performance by influencing detection and description simultane-
ously, with improved repeatability and sparsity of detected points. Detector-free local feature
matcher [38, 45] and a decoupled pipeline for a detection and description module were also
studied [16].

Despite these achievements, there is insufficient consideration for light and structure
information in an image. Examining this information to robustly locate and define matched
points, regardless of camera viewpoint or illumination variance, is critical. Nighttime images
are challenging due to the uncertainties of light and structure [38]. When viewpoints change
significantly, it is also difficult to match correctly [2]. Although some studies investigated
this viewpoint and light information to apply in the local feature domain, they used only
hand-crafted ways such as detecting corners or simply rotating features [19, 23, 27].

In this work, we propose a new strategy that uses both style and structure information

to address the issue of mismatches in image variance. Specifically, we apply the concept of
Instance Selective Whitening (ISW) loss, introduced by RobustNet [6], where the features
are transformed with implicit information about the style component to have robustness un-
der variations in light. Since there are limitations in this idea and considers only the style
factor, we revised ISW to consider the structure factor and apply it to the local feature field.
Furthermore, we focus on salient points to reduce matching time.
Contributions. In this paper, we propose a framework that addresses the problems from a
different light and structural information. We first extract features using Feature Map Gener-
ation (FMG) module. Then, Feature Map Transformation (FMT) module divides extracted
features into two components: style and structure matrix. Each component independently
learns the information gathered by the learned feature. Consequently, regardless of any
changes in any component, the feature map will still select salient and matchable points. We
introduce a loss function to maximize the influence of the structure information and mini-
mize the style information in the feature map. The main contributions are summarized as
follows:

* We overcome the limitation of feature matching in image variance by distinguishing
between structure- and style-dependent features and transforming the feature maps.

* We propose Feature Map Transformation (FMT) module, exploiting an existing style
transfer concept that concentrates only on style components, to transform the feature
map while training to make it focus on salient features.

 Extensive experiments on different benchmark datasets demonstrate that the proposed
method can achieve high accuracy in matching tasks in a short time and with fewer
parameters.

2 Related Work

Local feature learning. The joint learning of feature detectors and descriptors requires a
unified network to construct feature maps and allows the two tasks to share the majority
of computations for improved performance. DELF [24] proposed an image retrieval tech-
nique that learns local features as a by-product of a classification loss combined with an
attention mechanism to improve performance on large-scale images. It outperforms images
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under changing light conditions but has limitations in terms of structural variation. Supi
Point [7] suggested a method for learning from the manual annotation of signi cant poit
on simple images such as corners and edges. However, because of their low repeatabilit
descriptor accuracy, it has many outliers, so the matched points tend to be mistakenly jud
R2D2 [29] has overcome this issue by learning the descriptor reliability in parallel with tl
detection and description phases and only selecting both repeatable and reliable keyp
with respect to the descriptor.

To nd only the matchable points, D2-Net [8] proposed a describe-and-detect meth
for joint detection and description that uses a single CNN with shared weights. The det
tion is based on the entire channel's local maxima and the shape map's spatial dimensi
DISK [42] applied reinforcement learning on an end-to-end network inspired by D2-Net |
that relied on policy gradients. Furthermore, ASLFeat [22] demonstrated signi cant ir
provement using a score map that used local shape estimation to select matching points
Feature covariance. Previous research [9, 10] proposed that image style information
considered via feature correlations such as a gram or a covariance matrix. Since then, fe
correlation has been applied to several different research areas, including style transfer
image-to-image translation [5], domain adaptation [30, 37], and network architecture [
21, 26]. Whitening transformation (WT) [5, 17, 26], which eliminates feature correlatic
and assigns unit variance to each feature, aids in the removal of style information from
feature representations.

Since region-speci ¢ styles and region-invariant content are simultaneously written
the covariance vector of the feature maps, whitening all the correlation components rec
feature identi cation and distort the boundaries of objects [17, 18]. RobustNet [6] propos
the ISW loss, which extracted only the style information to solve the problem. We want
focus on style and structure information, so we modify the ISW loss to satisfy our objecti

3 Method

3.1 Feature Map Generation Module

Feature Map Generation (FMG) module rst extracts the features of an imagé;paicl >
independently, which outputs two branches: descriptors and point extraction feature m
The point extraction branch consists of two feature maps. One produces another with a
convolution layer; the former is a reliability m&and the latter in repeatability m& The
covariance matrix derived from the descriptor m&jis used to transform the feature map
to focus on saliency with style and structure information. Then FMG module uses feat
mapsX, S, andR to calculate the loss functions for repeatability and reliability. The FMC
module's network architecture differs from R2D2 [29] but uses the same loss functions
this part. So only the architecture part will be described. The proposed method pipelin
shown in Figure 1.

As introduced in MobileNet [13], depthwise separable convolution (DSC) is a factc
ization convolution method that signi cantly reduces computation and model size with ne
representations. Motivated by this, we used the DSC to focus on the salient area. Inspire
[22, 29], we adopt a modi ed L2Net [40]—where the last layer is replaced by a set of thr
consecutive layers—in our backbone network to extract feature information from an ime
pair. Since the input images are image pairs, two backbone networks are needed. We
weight sharing in the DSC layer when adding it behind the backbone network to reduce
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Figure 1: Proposed framework. Network consisting of a feature map generation module
and a transformation module is shown. The reliability nSegnd repeatability maR learn

the regions of points of interest, while the covariance matrix derived from the descripto
map X is used to transform the feature map to focus on saliency with style and structur
information.

model weight. Furthermore, the relationship between descriptors and points of interest c:
be maintained by sharing the weights. The backbone network then generates three feat
maps,X by "2 normalizationS by the element-wise square, aRdbbtained fromS with a

1 1 convolution layer. In contrast to [29% andR come from the same branch since they
depend on one another. We assumed $hata feature map that learns a point that reduces
the matching distance, which might affect in high repeatability ratR.inTherefore, the
model weight gets lighter and develops more robust features through information sharing.

FMG module calculates the reliability lods,i, to get discriminative feature points. Let
Xij be the local descriptor in each pixg} ) of the imagd; we then predict the individual
reliability scoresS;; from Xjj andXﬂV. Here, we specify the exact coordindtev) that cor-
responds tgi; j), knowing the ground truth correspondence mapfinghereT 2 RH W 2
is the ground truth correspondence between imhagadl,. Xjj is compared with(ﬂv, where
Xﬂv is extracted from,. Then, average precision is used to calculatg, optimized with a
differentiable approximation [11, 29], usirg.

In addition, FMG module calculates the repeatability ldsgpeas for extracting repeat-
able feature points as in [29]. It uses peakiness pred|ct|on and similarity between featu
pairs from input pair images. For similarity, LE andR° be the repeatability maps cor-
responding td; andl,. We setRT to be amap in whictR’ is transformed by the ground
truth homography relationship between image phirandl,. Because the prime objective
is to predict keypoints with high repeatability, we train the network so that the positions of
the local maxima irR are covariant to the actual picture transformations, such as viewpoint
structures or light shifts. Assuming that all the local maximdratoincide with the local
maxima ofRT, we de ne the loss function. The basic concept is to maximize the cosine
similarity betweenR and RT such that the two heatmaps are identical and their maxima
identically coincide. The loss may remain at a particular constant that may terminate th
learning process, so we prevent this using the peakiness prediction. The nal repeatabili
loss is calculated by considering both similarity and the peakiness of the input image pair.






