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LGCNet: Feature Enhancement and Consistency Learning Based on
Local and Global Coherence Network for Correspondence Selection

Tzu-Han Wu and Kuan-Wen Chen*

Abstract— Correspondence selection, a crucial step in many
computer vision tasks, aims to distinguish between inliers
and outliers from putative correspondences. The coherence of
correspondences is often used for predicting inlier probability,
but it is difficult for neural networks to extract coherence
contexts based only on quadruple coordinates. To overcome this
difficulty, we propose enhancing the preliminary features using
local and global handcrafted coherent characteristics before
model learning, which strengthens the discrimination of each
correspondence and guides the model to prune obvious outliers.
Furthermore, to fully utilize local information, neighbors are
searched in coordinate space as well as feature space. These two
kinds of neighbors provide complementary and plentiful con-
texts for inlier probability prediction. Finally, a novel neighbor
representation and a fusion architecture are proposed to retain
detailed features. Experiments demonstrate that our method
achieves state-of-the-art performance on relative camera pose
estimation and correspondence selection metrics on the outdoor
YFCC100M [1] and the indoor SUN3D [2] datasets.

I. INTRODUCTION

Finding pixel-wise correspondences between a pair of im-
ages is a fundamental and crucial step in many computer vi-
sion tasks, such as relative camera pose estimation, Structure-
from-Motion, and visual localization. Many feature-matching
methods [3]-[8] focus on learning feature detectors and
descriptors, but they are sensitive to extreme viewpoint and
illumination changes because detectors and descriptors may
differ considerably in these situations. Furthermore, there
are usually numerous outliers among the correspondences
established by these feature-matching methods, as a result of
which downstream tasks cannot achieve good performance.
Therefore, instead of learning task-specific feature detectors
and descriptors, some approaches focus on learning match-
ing criteria [9], [10] or correspondence selection mecha-
nisms [11]-[14], which directly benefit downstream tasks.

The challenge of correspondence selection mechanisms
is that models learn to distinguish between correct corre-
spondences and false ones based only on the quadruple
coordinates of correspondences. Furthermore, the order of
correspondences is meaningless, so each correspondence
is viewed as an independent datum. The lack of inherent
neighbor information results in difficulties in establishing ro-
bust features. Consequently, many correspondence selection
methods [12]-[14] define neighbors using their own criteria
in order to capture the local coherence of correspondences,
which is helpful information for inlier probability prediction
and has been widely used. However, the ability of neural
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Fig. 1: Correspondence selection by (a) CLNet [13] and (b)
our proposed LGCNet, where the green lines indicate the
predicted inliers, and the red lines represent the predicted
outliers. Some inliers in (a) are obvious false positive sam-
ples, while (b) shows more precise predictions.

networks to learn coherence from quadruple coordinates is
limited because coordinates have few attributes; furthermore,
the putative data are usually extremely unbalanced. These
limitations result in obvious misjudgements, such as false
positive samples predicted by CLNet [13] in Fig. 1(a).
Therefore, we propose Local and Global Coherence Network
(LGCNet) to mitigate these concerns, as illustrated in Fig. 2.

LGCNet comprises three blocks. The first block, named
Feature Enhancement Block, aims to relieve the burden of
model learning when few attributes are available. It supple-
ments additional attributes by using handcrafted characteris-
tics at the beginning, guiding the model to prune obvious
outliers from the perspectives of the local structures and
the global tendencies. Some false positive samples identified
by CLNet [13], shown in Fig. 1(a), are correctly predicted
by LGCNet, as illustrated in Fig. 1(b). Feature Enhance-
ment Block includes Local Structure Module (LSM) and
Global Tendency Module (GTM) for better local and global
coherence learning, respectively. The second block, named
Local Consistency Block, aims to learn more informative
contexts of local coherence. To capture plentiful neighbor
contexts, a two-branch architecture, named Dual Criteria
for Neighbors (DCN), is proposed. One branch searches
k-nearest neighbors in coordinate space while the other
does so in feature space. Complementary information can
be acquired by these two kinds of neighbors, which can
increase the robustness of features. Furthermore, Neighbor
Auxiliary Module (NAM) is proposed to improve the neigh-
bor representation and the aggregating mechanism adopted
in [13], [15], so as to establish features in a more precise
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Fig. 2: Overview of LGCNet. Two-stage learning is applied with progressive pruning. Each stage predicts local and global
inlier probabilities, i.e., w' and w9, and half of the correspondences having the higher global scores are selected for the
second stage. In addition, the local and global scores are also regarded as enhanced features for the second stage.
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Fig. 3: Detailed architecture of one stage in LGCNet, which includes Feature Enhancement Block, Local Consistency Block,
and Global Consistency Block. Inputs are the quadruple coordinates of correspondences; outputs are the predicted local and

global inlier probabilities, i.e., w' and w?9.

and informative manner. The third block is named Global
Consistency Block. Following [13], each correspondence is
regarded as a node on a graph, and its affinity with other
nodes is represented by the predicted local probability of
the correspondence. Then, Graph Convolutional Network
(GCN) [16] is applied to learn global coherence.

Overall, our contributions are summarized as follows.

« We propose a novel correspondence selection network,
LGCNet, which relies on LSM and GTM for feature
enhancement to guide the model in pruning obvious
outliers.

o DCN is proposed to leverage the neighbors in coordinate
space as well as feature space, which can provide
complementary information to benefit inlier probability
prediction. In addition, NAM is proposed to represent
features in a more precise and informative manner.

o LGCNet achieves state-of-the-art performance on the
camera pose estimation and the correspondence selec-
tion task on YFCC100M [1] and SUN3D [2] datasets.

II. RELATED WORKS

Some handcrafted approaches utilize local coherence to
distinguish between inliers and outliers. GMS [17] indicates
that the neighbors of correct correspondences are likely
to be coherent; conversely, those of false correspondences
tend to be distributed randomly. Coherence is measured
by the number of coherent neighbors in a small region.
Recently, many learning-based correspondence selection ap-

proaches have flourished. They are based on point-cloud
architectures because correspondences and point clouds have
similar properties. PointNet [18] is a noted learning-based
approach for point cloud classification and segmentation, but
it processes each point individually, which results in limited
generalizability to complex scenes. Therefore, many corre-
spondence selection methods [12]-[15] follow a PointNet-
like architecture but improve on capturing global information
or defining local neighbors by using various criteria to
construct discriminative features.

In terms of local coherence, PointNet++ [19] defines
neighbors as all points within a radius. OANet [12] groups
all correspondences into clusters, and the correspondences
in each cluster are regarded as neighbors of each other.
DGCNN [15] and CLNet [13] select k-nearest neighbors in
feature space to capture semantic information. LMCNet [14]
finds k-nearest neighbors in coordinate space to exploit local
coherence. These approaches aim to learn local coherence
by networks, but it is difficult to learn well when depending
only on the quadruple coordinates. Therefore, we add hand-
crafted coherent contexts at the beginning, which guide the
model toward learning discriminative features. In terms of
global coherence, OANet [12] applies MLPs in the spatial
dimension to capture global contexts. DGCNN [15] stacks
their proposed EdgeConv blocks to learn global properties
progressively. CLNet [13] regards correspondences as a
connected graph and applies a GCN [16] to capture global
information. LMCNet [14] finds global smooth motions
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by fitting a smooth function, and it obtains a closed-form
solution from graph Laplacian. In LGCNet, we add some
handcrafted global contexts to filter out the correspondences
whose tendencies substantially deviate from those of the
others as a global indication.

III. METHOD
A. Problem Formulation and Overview

Given a pair of images (I,I’), keypoints and descriptors
can be extracted by handcrafted [20]-[22] or learning [3], [4],
[23] methods, and putative correspondences are established
by nearest-neighbor search. There are still numerous outliers
among these putative correspondences, so our method, LGC-
Net, is designed to further distinguish between the correct
correspondences and the false ones. We denote N putative
correspondences as

C:[CMCQ;---’CNL Ci:(xivyiyuivvi)a (1)

where ¢; is the quadruple coordinate of a correspondence,
and (z;,y;) and (u;,v;) are its coordinates in two images.
Then, we propose a learning-based framework to accurately
identify the inliers among the putative correspondence set C'.

In this paper, four novel modules are proposed, and they
are categorized into two blocks, as illustrated in Fig. 3.
In Feature Enhancement Block, the dispersion score o; is
measured by LSM, and the tendency score 7; is estimated
by GTM. The enhanced features are the quadruple coordi-
nates concatenated with these two scores, denoted as cg =
[¢i, 04, 5], such that they are more informative and discrimi-
native for better model learning. In Local Consistency Block,
features are first extracted by ResNet blocks [24], after which
k-nearest neighbor search is applied in coordinate space and
feature space in order to exploit neighbors of these two
criteria for consistency learning. Neighbor information is
aggregated through NAM. Finally, the features of DCN are
fused, and the local inlier probability w' is predicted by an
MLP layer. Subsequently, in Global Consistency Block, an
adjacent matrix is constructed from the predicted local inlier
probabilities. A GCN [16], a ResNet block, and an MLP
layer are applied to predict global inlier probabilities w? as
in [13]. The global inlier probabilities are regarded as the
final scores because they are calculated from the local inlier
probabilities by GCN.

Following [13], progressive pruning in two stages is
adopted, i.e., some candidates having higher scores are
selected in the first stage, and they are further pruned in the
second stage. The scores of the surviving correspondences
after two pruning stages are denoted as w/?"®, and they are
applied in a weighted eight-point algorithm for recovering the
essential matrix. Through this strategy, the model is able to
alleviate the misjudgement of outliers and learn more detailed
information.

B. Feature Enhancement Block

There are usually many coherent neighbors of correct
correspondences in coordinate space, so the dispersion of
the inliers and their neighbors is narrow, as illustrated in

(b) (©

Fig. 4: Visualization of LSM and GTM. The green line in
(a) denotes an inlier; the red line in (b) is an outlier; the blue
lines are their neighbors. In (c), the green lines are inliers;
the red lines are outliers; the blue lines denote the support
bearings.

Fig. 4(a). The green line denotes a correct correspondence,
and the blue lines indicate its neighbors. In contrast, false
correspondences tend to be distributed randomly, so there
are seldom coherent neighbors. This means that the trends
of neighbors are likely to be different from the target
correspondences such that the dispersion of the outliers and
their neighbors is wide. In Fig. 4(b), the red line denotes
a false correspondence, and the blue lines are its neighbors.
Thus, the dispersion of neighbors is seen as a crucial clue for
estimating inlier probability, so we introduce LSM to utilize
this indication. K-nearest neighbor search is applied on the
quadruple coordinates of correspondences, and the neighbors

of a correspondence c; are denoted as [c},c?, ..., cF]. The
dispersion score is formulated as
k Cj _ 2
o — Ej:l( L — 1) 2)
1 ,ZC _ 1 b
where
el gk
_Gi +c; + + ¢ 3)

E+1

The dispersion score is calculated by the variance of dis-
tances from neighbors to the mean of the entire local
structure.

Among the putative correspondences, the tendencies of
some outliers are obviously different from those of others,
so we hope to prune them with more certainty. Therefore,
we propose GTM to predict the tendency score for each
correspondence, which is a helpful attribute for the model
to distinguish between inliers and outliers. The tendency of
a correspondence is defined as t; = (u; — z;, v; — Yi)-
The tendencies of correct correspondences across two images
usually follow some specific bearings, and those of false
correspondences are more likely to be distributed randomly,
as the green and red lines respectively illustrate in Fig. 4(c).
Blue lines denote the main tendencies among all correspon-
dences. We exploit this characteristic for neural networks to
easily remove outliers whose tendencies considerably deviate
from the primary bearings. B = [by,bo,...,bpy] is a set
of candidate bearings, where b; = (cos(f * i),sin(f * 7))
and § = 2w/M. M is the number of candidate bearings.
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Each putative correspondence is classified into its closest
bearing, and m bearings with most members are regarded
as primary bearings, which represent the main tendencies
of all correspondences. The correspondences belonging to
these primary bearings are likely to be inliers. In order to
obtain the tendencies of all correspondences more precisely,
we compute the mean of all members belonging to each
primary bearing, and the resulting vectors are named as
support bearings, denoted as [s1, S2, . . ., Sm]-

The tendency score is estimated by an MLP layer as
follows:

7, = max MLP(t; — s;). ()]
J

where t; is the tendency of a correspondence, and s; is a
support bearing. We choose the maximum among the scores
calculated by all the support bearings because the closest
bearing is the most valuable for judging the outliers. If the
tendency score of a correspondence is high, it is likely to
be an outlier because its tendency is not coherent with any
of the support bearings. Thus, the tendency score is helpful
for removing outliers whose tendencies are substantially
different from support bearings.

C. Local Consistency Block

Given that it is difficult to predict inlier probability using
only a single correspondence, neighbors are usually regarded
as important auxiliary information. z; is the feature of
correspondence ¢;, and 2 is the feature of the j-th neighbor
of ¢;. The neighbor representation is commonly described as
e] = [z,A7]] € R2%, as in [13], [15], and the residual is
Az] = z; — z]. To account for the target correspondence,
c; itself is also regarded as its own neighbor, but this leads
to Az] = 0 when j = 0, because the residual of the target
correspondence and itself is zero. Furthermore, the features
in the first half dimensions, i.e., z;, of all neighbors are the
same, which results in redundant feature representation. In
light of the two above-mentioned drawbacks, we propose
NAM to form a compact neighbor representation n € R!28
as follows,

n?z{z”j 7=0 5)
Az, J#0

NAM retains the features of the target correspondences
but represents neighbors in a residual manner. In addition,
position embedding pl € R* is applied on the quadruple
coordinates ¢;. The representation of the position is the same
as above.

j o Ci, .7:0
P ad, 40

In order to combine eg and p{ , they are processed by separate
2-layer convolutions to establish 128-dimensional features
and are concatenated to form the integrated feature f} €
R256.

(6)

fi = [MLP(n]), MLP(p])] , (7)

(a) (b)

Fig. 5: Architectures of feature fusion by neighbors: (a) NAM
in LGCNet (b) is Annular Convolution in CLNet [13].

The dimension of our final feature is the same as that of the
common description in [13], [15], but our representation is
more precise and informative because it involves all the orig-
inal features and additionally includes position embedding.

It should be noted that the features of the target correspon-
dence, i.e., f;, and its neighbors have different meanings,
so they should not be fused by a unified convolution layer,
which treats them equally, such as Annular Convolution
in [13]. Annular Convolution is illustrated in Fig. 5(b).
Therefore, we propose the target-separated hierarchical con-
volution architecture, NAM, to properly fuse the neighbor
information into the target feature, as illustrated in Fig. 5(a).
In terms of neighbor fusion, small kernels are applied to
fuse them hierarchically, so more details can be preserved.
In terms of the target feature, another convolution layer is
applied to obtain robust features. Finally, target features and
neighbor features are combined using concatenation and a
convolution layer. Through the target-separated hierarchical
convolution architecture, primary features can be reserved by
the target part, and auxiliary information can be captured by
the neighbor part.

In addition, some works [14], [19] find k-nearest neighbors
in coordinate space and focus on the variation in local
structures. Some works [13], [15] find k-nearest neighbors in
feature space and aim to capture coherent semantic features.
We find that these two kinds of neighbors can provide
complementary information, and both are crucial clues for
predicting local inlier probability; therefore, the two-branch
architecture, DCN, is proposed to fully utilize them. The
first branch finds k-nearest neighbors in coordinate space,
followed by four ResNet blocks [24] and our proposed NAM,
to form the feature map F,. Similarly, the second branch
applies four ResNet blocks at the beginning and finds k-
nearest neighbors on the current features. Then, NAM is
adopted to form the feature map F'. Finally, these two
feature maps are combined by concatenating F! = [F,, Fy]
and are fused by an MLP layer. In a nutshell, more infor-
mative features are acquired by extracting neighbors using
dual criteria, and they are beneficial to predicting local inlier
probability w! € RV,

D. Global Consistency Block

Following [13], each correspondence is regarded as a node
on a graph, and the weight of an edge between two nodes
(¢i,cj) is the product of their local inlier probabilities:

eij = wxwh . (®)
The weights of the edges measure the affinities be-
tween every pair of correspondences, and they are aggre-
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gated to establish an adjacent matrix A € RN*N by
Aij = eqj. /L-j = A;; + I retains robust transfers using self-
connections. In GCN [16], a degree matrix is defined as
D=3, flij, which refers to the number of neighbors
for each node, and a graph Laplacian matrix is defined as
L =D %5AD~%5 The global embedding features are then
obtained by F'9 = L F' W9, where F! is the local embedding
features established by Local Consistency Block, and W9 is
a trainable parameter matrix. Finally, the embedding feature
F9 is encoded by a ResNet block, and then global inlier
probability w? € RV*! is predicted by an MLP layer.

E. Loss Function

To optimize the neural network, the overall training ob-
jective is denoted as

L= Lcls + ALess 3 (9)

where L. is a classification loss and L., is an essential
matrix loss. A is a weighting factor. The classification loss
is the binary cross-entropy of the predicted and ground-
truth labels for each correspondence. To alleviate the label
ambiguity of correspondences whose epipolar distances are
smaller than but close to the inlier threshold, their adaptive
temperatures 7 are given lower values. The classification loss
is formulated as follows:

K
Leis = Y Loee(o (! xw?),y7) | (10)
j=1

where 7 is the adaptive temperature; w is the predicted
inlier probability; y is the ground-truth label; and o is
a sigmoid function. As numerous inlier probabilities are
predicted sequentially, we integrate and express them as
K layers, and w; represents local probabilities w!, global
probabilities w7, and final probabilities w/™. [13] can be
referred to for detailed formulations.

The essential matrix loss [12]-[14] computes the distances
from ground-truth correspondences to the epipolar line,
which is established by the predicted essential matrix. It is
formulated as follows:

_ (23 Bxy)?
Bz 7y + |1 B2ty + 1 ETz2llfy + |1 ET 221
an

where z; and x5 are homogeneous coordinates of a ground-
truth correspondence, and E is the predicted essential matrix.

€SS

IV. EXPERIMENTAL RESULTS
A. Evaluation Protocols

Implementation details. The outdoor YFCC100M [1] and
the indoor SUN3D [2] datasets are used for training, and the
train-test split follows [12], [13] for fair comparison. We
apply SIFT [20] to extract keypoints and descriptors, and
we establish putative correspondences using nearest-neighbor
search. The inputs to the network are N x 4, which represent
the quadruple coordinate for each correspondence. N is the
number of putative correspondences; typically, N = 2000.

TABLE I: Pose Estimation on Outdoor YFCC100M Dataset

Method AUC@5° | AUC@10° | AUC@20°
RANSAC [25] 14.33 27.08 42.27
MAGSAC [26] 17.01 29.49 44.03
LPM [27] 10.22 20.65 33.96
GMS [17] 19.05 32.35 46.79
CODE [28] 16.99 30.23 43.85
PointCN [11] 26.53 43.93 61.01
ACNe [29] 28.81 48.02 65.39
NM-Net [30] 28.56 46.53 63.55
OANet [12] 28.76 48.42 66.18
SuperGlue [9] 30.49 51.29 69.72
CLNet [13] 32.79 52.70 69.76
LMCNet [14] 3391 53.57 70.24
LGCNet (ours) 34.98 54.84 71.54

TABLE II: Pose Estimation on Indoor SUN3D Dataset

Method AUC@5° | AUC@10° | AUC@20°
RANSAC [25] 3.93 10.28 21.04
MAGSAC [26] 3.94 10.33 21.25
LPM [27] 3.31 8.56 17.73
GMS [17] 4.36 11.08 21.68
CODE [28] 3.52 8.91 18.32
PointCN [11] 5.86 14.40 27.12
ACNe [29] 7.10 17.92 33.56
NM-Net [30] 6.45 16.44 31.16
OANet [12] 6.83 17.10 32.28
CLNet [13] 7.78 19.07 35.25
LMCNet [14] 6.77 17.14 32.55
LGCNet (ours) 8.01 19.48 35.73

TABLE III: Generalization Ability of LGCNet

SUN3D 2] YFCCI00M [1]
Method SIFT [20] | ORB [22] | SuperPoint [3]
LMCNet [14] 538 584 17.66
CLNet [13] 564 7.95 19.12
LGCNet (ours) 5.83 8.15 19.82

Following [13], we adopt the two-stage pruning strategy,
and half the correspondences are preserved at each stage.
In the first stage, we set the number of neighbors to k=9,
and to k=6 in the second stage. We use M = 24 bearings in
GTM, i.e., the angle 6 between each bearing is 15°. The five
bearings having the most members are selected as the support
bearings. A ResNet block [24] contains two MLP layers,
Context Normalization [11], Batch Normalization [31], and
ReLU.

Evaluation metrics. We evaluate the rotation and trans-
lation angular differences between the ground truth and our
predicted camera pose. The pose error is defined as the larger
of rotation and translation angular differences. The predicted
camera pose is considered correct if the pose error is below
a specific threshold. We report the AUCs at thresholds of 5°,
10°, and 20°.

B. Camera Pose Estimation

We compare LGCNet with handcrafted as well as learning-
based methods. Handcrafted selection algorithms include
RANSAC [25], MAGSAC [26], LPM [27], GMS [17],
and CODE [28]. Learning-based selection networks include
PointCN [11], ACNe [29], NM-Net [30], OANet [12], Su-
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TABLE IV: Ablation Study on Each Module

TABLE V: Module Generalizability

CLNet [13] LSM GTM NAM DCN AUC@5° LMCNet [14] LSM GTM DCN AUC@5°
v 32.79 v 33.91
v v 33.82 v v 34.32
v v 33.26 v v 34.09
v v 33.58 v v 34.94
v v 34.07
v v v 34.17
v v v v 34.63 TABLE VI: Precision, recall, Fl-score, and the average
v v v v v 34.98

perGlue [9], CLNet [13], and LMCNet [14].

These methods are evaluated on the YFCC100M [1] and
the SUN3D [2] dataset, and the results are listed in Table I
and Table II, respectively. The results indicate that LGCNet
outperforms all the other methods, including handcrafted
and learning-based approaches, on both datasets for all
thresholds. On the YFCC100M dataset, LGCNet performs
better than the state-of-the-art method, LMCNet [14], by ap-
proximately 1.21% on average. Compared with our baseline
method CLNet [13], LGCNet gets about 2% improvement,
proving that our proposed modules contribute to optimal
performance by integrating informative contexts in Feature
Enhancement Block and forming discriminative and repre-
sentative features in Local Consistency Block. Section IV-C
presents a more detailed analysis.

In addition, to evaluate the generalization ability of LGC-
Net, we train the model using SIFT on YFCC100M dataset
and then test it on different datasets or different detector-
descriptor approaches, i.e., SIFT [20] on SUN3D, ORB [22]
on YFCC100M, and SuperPoint [3] on YFCC100M. The
performances under an AUC threshold of 5° are reported
in Table III. LGCNet achieves better performance than
CLNet [13], indicating that LGCNet has good generalization
and can be feasibly applied to different datasets and different
detector-descriptor approaches.

C. Ablation Study and Module Generalizability

We evaluate our proposed modules individually, i.e., LSM,
GTM, NAM, and DCN. Table IV reports the AUC at a 5°
threshold for each module. The results indicate that each
module improves the overall performance, and superposing
some components results in increased improvement. LGCNet
applies all four modules and achieves the best performance.
Among these modules, DCN is the most crucial compo-
nent and achieves the most improvement, indicating that
neighbors in coordinate space and feature space can provide
complementary and informative contexts.

To evaluate the generalizability of our proposed modules,
we apply them on another model, LMCNet [14]. Based
on original architecture of LMCNet, we supplement LSM,
GTM, and DCN. LMCNet proposes Laplacian Motion Fit-
ting to learn motion coherence, which is its main contribu-
tion, so we do not replace NAM for feature fusion. The data
in Table V indicate that each of our modules is applicable
and beneficial to LMCNet, and likewise, DCN results in the
most improvement.

number of predicted inliers on Correspondence Selection

Method Precision | Recall | F1-Score | # of Inliers
LMCNet [14] 87.29 73.27 78.21 180.48
CLNet [13] 71.77 78.62 77.99 346.85
LGCNet (ours) 79.55 80.45 79.84 346.96

D. Correspondence Selection

To evaluate the accuracy of correspondence selection, we
compare LGCNet with some baselines, i.e., LMCNet [14]
and CLNet [13], on the YFCC100M [1] dataset. LMCNet
outputs the predicted inlier probability for each correspon-
dence. Following official setting of LMCNet, the correspon-
dences whose inlier probabilities are higher than 0.95 are
seen as inliers. However, CLNet [13] and our LGCNet adopt
a progressive pruning strategy, so the outputs are the inlier
probabilities for only the surviving correspondences. There-
fore, following [13], CLNet and LGCNet apply a generation-
verification pipeline to recover the inlier probabilities for
all the input correspondences. Inliers are selected as those
correspondences whose epipolar distances are less than le-3
as calculated by the predicted essential matrix. The precision,
recall, Fl-score, and the average number of inliers are
reported in Table VI. LMCNet [14] directly predicts the inlier
probability for each correspondence; consequently, it is easy
to select a small subset that is full of inliers, which con-
tributes to high precision. However, LGCNet and CLNet [13]
recover inliers from the predicted essential matrix, which is
relatively imprecise, so in general, loose thresholds are set
to ensure that adequate inliers are chosen. Therefore, the
precision for LGCNet and CLNet is inferior, but LGCNet
achieves the best results on recall and the comprehensive
metric Fl-score.

V. CONCLUSION

LGCNet, having four novel modules, aims to enhance
features and learn the local and global coherence. Among
the four modules, LSM and GTM enhance preliminary
attributes for better model learning, while NAM and DCN
utilize complementary neighbors and precise representations
to form informative features. LGCNet achieves state-of-the-
art performance on camera pose estimation and the corre-
spondence selection metrics on the outdoor YFCC100M [1]
and the indoor SUN3D [2] datasets.
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