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ARTICLE INFO ABSTRACT

Keywords: Correspondence pruning aims to remove false correspondences (outliers) from an initial putative correspon-
Correspondence pruning dence set. This process holds significant importance and serves as a fundamental step in various applications
Image matching within the fields of remote sensing and photogrammetry. The presence of noise, illumination changes, and

Remote sensing image
Group consensus
Multi-granularity consensus
Image registration

small overlaps in remote sensing images frequently result in a substantial number of outliers within the initial
set, thereby rendering the correspondence pruning notably challenging. Although the spatial consensus of
correspondences has been widely used to determine the correctness of each correspondence, achieving uniform
consensus can be challenging due to the uneven distribution of correspondences. Existing works have mainly
focused on either local or global consensus, with a very small perspective or large perspective, respectively.
They often ignore the moderate perspective between local and global consensus, called group consensus, which
serves as a buffering organization from local to global consensus, hence leading to insufficient correspondence
consensus aggregation. To address this issue, we propose a multi-granularity consensus network (MGCNet)
to achieve consensus across regions of different scales, which leverages local, group, and global consensus
to accomplish robust and accurate correspondence pruning. Specifically, we introduce a GroupGCN module
that randomly divides the initial correspondences into several groups and then focuses on group consensus
and acts as a buffer organization from local to global consensus. Additionally, we propose a Multi-level Local
Feature Aggregation Module that adapts to the size of the local neighborhood to capture local consensus and
a Multi-order Global Feature Module to enhance the richness of the global consensus. Experimental results
demonstrate that MGCNet outperforms state-of-the-art methods on various tasks, highlighting the superiority
and great generalization of our method. In particular, we achieve 3.95% and 8.5% mAP5° improvement
without RANSAC on the YFCC100M dataset in known and unknown scenes for pose estimation, compared
to the second-best models (MSA-LFC and CLNet). Source code: https://github.com/1211193023/MGCNet.

1. Introduction significant progress in feature descriptor-based matching techniques
in computer vision, the complexity of image types and degradations

Accurate feature matching is a crucial prerequisite for many com- can often result in ambiguous feature descriptors. Consequently, the
puter vision tasks, e.g., 3D reconstruction (Sun et al., 2022), image nearest neighbor matching strategy can lead to a considerable number
fusion (Ma et al., 2019b; Zhang et al.,, 2020; Ma et al., 2022b; Xu of false correspondences. This situation can be particularly challeng-
et al., 2020), remote sensing image registration (Liu et al., 2021a), ing due to the complex properties of remote sensing images. For
point set registration (Wang et al., 2023a), simultaneous localization instance, remote sensing images often exhibit severe noise and local
and mapping (SLAM) (Huang et al., 2020), etc. However, despite the distortions, as well as non-rigid transformations, which can further
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(a) Local consensus

(b) Global consensus

Fig. 1. Illustrations of (a) local consensus and (b) global consensus. The lines in the figures denote inliers.

deteriorate the matching results. To alleviate this problem, correspon-
dence pruning techniques have been extensively investigated as an
essential component of image feature matching.

Fortunately, in image pairs, inliers often exhibit spatial consensus,
whereas outliers tend to be randomly distributed. This property is a
powerful tool for distinguishing between inliers and outliers. Tradi-
tional methods construct k-nearest neighbors for each correspondence
and adopt a geometric or algebraic constraint to calculate the consensus
score, which can effectively remove outliers and perform well in certain
scenarios. For instance, Locality preserving matching (LPM) (Ma et al.,
2019c) infers inliers by computing the common neighbor informa-
tion, which is a model of local consensus. Learning for mismatch
removal (LMR) (Ma et al., 2019a) builds local neighboring structures
according to multiple K-nearest neighbors to capture multi-scale local
consensuses. An advanced consensus of neighborhood topology (Liu
et al., 2021b) is proposed to identify inliers and the neighborhood
construction is constructed through a subset with a high percentage
of inliers with a guided matching strategy from the putative matches.
Locality-guided global-preserving optimization (LOGO) (Xia and Ma,
2022) enhances the robustness of correspondence pruning by employ-
ing a local topology-guided global preservation optimization strategy.
However, it is vital to note that to achieve good performance, the puta-
tive correspondence set should not contain a large number of outliers.
Otherwise, the performance of traditional methods may significantly
degrade as the constructed local neighborhoods become unreliable and
are susceptible to interference from outliers.

In recent years, learning-based methods have received increasing
attention in exploring local and global consensus. Such methods possess
powerful and flexible representation ability, allowing them to learn
more complex patterns and offering great advantages over handcrafted
methods. For example, Consensus learning framework (CLNet) (Zhao
et al., 2021) proposes an annular convolution to aggregate local neigh-
borhood information and uses a graph convolutional network (GCN)
block to get a global feature embedding. Laplacian motion coherence
network (LMCNet) (Liu et al., 2021c) obtains local motion consensus
by fusing k-nearest neighbor feature maps through max pooling and ex-
ploits a smooth function to fit global motion consensus. MS>?DGNet (Dai
et al.,, 2022) uses a transformer-like structure to aggregate local k
nearest neighbor feature maps to gain local neighborhood features.

Previous works have achieved promising results by focusing on
either local or global consensus, with a very small perspective or large
perspective, respectively. However, they ignore the group consensus
which is a moderate perspective between local and global consensus,
serving as a buffering organization from local to global consensus,
hence leading to a lack of medium-granularity consensus. To better
illustrate this issue, we show an example in Fig. 1. Specifically, local
consensus indicates that within a small area, inliers tend to exhibit
similar motion behaviors at the local level (e.g., similar length and
angles). In contrast, global consensus shows that inliers conform to a
specific geometric transformation at the global level. It is worth noting
that in Fig. 2(b), those inliers that satisfy geometric consensus at the
global level but are spatially distant fail to meet local consensus, as
they exhibit distinct lengths and angles. To address this limitation, we
introduce a GroupGCN module that randomly divides the initial cor-
respondences into m groups and then explores consensus within each
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(a) Initial putative correspondences (Inliers: 381, Outliers: 73)

(c) MGCNet (Inliers: 333/381, P: 0.97, R: 0.87)

Fig. 2. Visual representation of (a) initial correspondences, (b) the baseline CLNet
considering local consensus and global consensus and (c¢) our MGCNet introducing
multi-granularity consensus including multi-level local consensus, group consensus and
multi-order global consensus. The red/green lines indicate false/true correspondences,
respectively. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)

group. Due to the randomness of grouping, correspondences within
each group cover a broader range, which helps to mitigate the large dis-
crepancy between local and global consensus, thus creating a buffering
effect.

Besides, our method takes a more holistic view and is designed
to enhance consensus across multiple granularities. Considering that
initial putative correspondences tend to be unevenly distributed across
the image, with numerous key points in textured regions and very
few in textureless regions, this uneven distribution of correspondences
makes it challenging to achieve a uniform consensus. Most existing
methods directly adopt a fixed local feature extraction module (Dai
et al., 2022; Zhao et al.,, 2021; Liu et al., 2021c), such as a fixed
scale and feature aggregation method. For example, CLNet sets a fixed
number of k-nearest neighbors, which is not conducive to solving the
above problem. To overcome this limitation, we propose a multi-level
local feature aggregation module (MLL Module) that adapts to the
size of the local neighborhood to capture local consensus among cor-
respondences. In addition, we introduce a multi-order global feature
aggregation module (MOG Module) to further improve the perfor-
mance of our method by enhancing the richness of global consensus.
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To sum up, building on the state-of-the-art method (Zhao et al., 2021),
we propose a multi-granularity consensus network (MGCNet) to
achieve consensus across regions of different scales and demonstrate
its effectiveness on various tasks through extensive experiments. Com-
pared with the baseline model, as shown in Fig. 2, our MGCNet
can effectively solve the aforementioned challenges, resulting in the
superior performance of the correspondence pruning.

In summary, our contributions can be summarized as follows:

(1) We introduce a GroupGCN module focusing on a novel consen-
sus, group consensus, which acts as a buffer organization from local to
global consensus, to enhance consensus learning.

(2) We propose a multi-level local feature aggregation module to
adapt to the size of the local neighborhood to capture local consensus
and a multi-order global feature aggregation module to enhance the
richness of global consensus by retaining multi-order global features.

(3) We design a new network, the Multi-Granularity Consensus Net-
work, which effectively mines consensus among correspondences from
a local-to-group and group-to-global perspective for correspondence
pruning and achieves state-of-the-art performance compared to other
methods on various challenging tasks.

The rest of the paper is organized as follows. Section 2 describes
the related work. Section 3 introduces a general learning pipeline
for the image correspondence pruning problem and the details of
our multi-granularity consensus network and its implementation de-
tails. Section 4 illustrates the experimental results on the tasks of
correspondence pruning, camera pose estimation, and remote sensing
image registration to demonstrate the superiority of our method. The
concluding remarks are presented in Section 5.

2. Related work
2.1. Traditional correspondence pruning methods

Correspondence pruning methods have been widely applied in many
fields such as computer vision, pattern recognition, image analysis, and
particularly in the field of remote sensing. Traditional correspondence
pruning methods can be classified into three categories: resampling-
based, non-parametric model-based, and relaxed methods (Ma et al.,
2021) . Resampling-based methods, exemplified by random sample con-
sensus (RANSAC) (Fischler and Bolles, 1981), introduce a hypothesize-
and-verify framework to identify inliers from the initial correspondence
set. RANSAC has been widely used for automatic correspondence prun-
ing of remote sensing images (Ma et al., 2022a). This method, relying
on a predefined parametric model, becomes less efficient when the
underlying image transformation is nonrigid, especially in the context
of remote sensing images. Several non-parametric model-based meth-
ods have been proposed to address these issues, for instance, Pilet
et al. (2008) model the deformation by the triangulated 2-D mesh,
which can reduce the negative impact of outliers. Vector field consensus
(VFC) (Ma et al., 2014) constrains the deformation function in the
reproducing kernel Hilbert space with Tikhonov regularization, and
estimates in a Bayesian model. Relaxed methods, such as Bian et al.
(2017) and Ma et al. (2019c, 2015), employ less strict geometric con-
straints to handle complex scenes and the complex properties of remote
sensing images. Grid-based motion statistics (GMS) (Bian et al., 2017)
segments the image pair into n X n meshes, assigns correspondences
to specific meshes, and selects inliers based on a predefined threshold.
Locality preserving matching (LPM) (Ma et al., 2019¢c) determines the
correctness of each correspondence based on the number of neigh-
boring correspondences. NMRC (Ma et al., 2022a) uses the manifold
learning to preserve the consensus of the local neighborhood struc-
tures of the potential inliers. Progressive motion coherence (PMC) (Liu
et al., 2022) proposes two novel coherence constraints, namely efficient
neighborhood element coherence and relative order-aware motion co-
herence, to design a mathematical model for correspondence pruning.
While these handcrafted methods are effective for specific scenes, they
may not be suitable for general datasets with extremely low inlier
ratios.
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2.2. Learning-based correspondence pruning methods

Deep learning-based networks are commonly used to deal with cor-
respondence pruning problems while maintaining permutation-
equivariance, allowing them to leverage the rich potential relationships
within data. Differentiable RANSAC (DSAC) (Brachmann et al., 2017)
alleviates the non-differentiable defect of RANSAC (Fischler and Bolles,
1981), and applies its idea to a deep learning network for correspon-
dence pruning. Motivated by Point-Net (Qi et al., 2017a), Learning
to find good correspondences (LFGC) (Yi et al., 2018) introduces
PointNet-like architectures, named ResNet Block, to process input data
independently and predict the probability of each correspondence as
an inlier. While it performs well on public datasets, ignoring the rela-
tionship among correspondences can lead to detrimental effects. Hence,
to deal with the problem, some networks introduce local information
in various ways while maintaining permutation-equivariance. For in-
stance, Order-aware network (OANet) (Zhang et al., 2019) proposes a
Diffpool & Diffunpool Block, including a combination of differentiable
pooling and unpooling operation and an order-aware operation, to cap-
ture local and global contextual information of sparse correspondences.
Attentive context networks (ACNe) (Sun et al., 2020) introduces both
local and global attention operations that leverage the attentive context
normalization (ACN) mechanism, to effectively capture both local and
global contextual information. Compared to traditional methods, deep
learning-based approaches have demonstrated better performance due
to their superior feature representation ability, especially when there is
a large number of outliers in the putative correspondence set. However,
counting solely on designing diverse modules to incorporate both
local and global contextual information into feature learning has a
limited impact on performance improvement. Therefore, it has become
a research trend to introduce correspondence consensus as an integral
part of network learning.

2.3. Correspondence consensus

Inliers are known to be consistent with epipolar geometry or under
the homography constraint (Hartley and Zisserman, 2003), whereas
outliers exhibit inconsensus due to their random distribution. The
correspondence consensus has been extensively investigated in the
correspondence pruning for several decades (Liu et al., 2021c; Ma
et al.,, 2021). For example, various methods such as bilateral func-
tions (BF) (Lin et al., 2014) and coherence-based decision boundaries
(CODE) (Lin et al., 2017) propose global motion consensus to distin-
guish correspondences. Other studies (Bian et al., 2017; Ma et al.,
2019c) constraint the model by leveraging geometric consensus. Al-
though the above traditional methods have made progress, their per-
formance is still unsatisfactory and requires careful parameter tuning,
particularly when dealing with challenging datasets with a low percent-
age of inliers. In recent years, the consensus in learning-based methods
has drawn increasing attention. For instance, Mining reliable neigh-
bors network (NM-Net) (Zhao et al., 2019) proposes a compatibility-
specific neighbor mining method by using local affine information
of feature descriptors as prior information to find more reasonable
neighbors. Learning for mismatch removal (LMR) (Ma et al., 2019a)
builds local neighborhood structures for each correspondence accord-
ing to multiple k-nearest neighbors to capture multi-scale local con-
sensuses. CLNet (Zhao et al., 2021) progressively removes outliers
through a local-to-global consensus learning strategy. LMCNet (Liu
et al., 2021c) fuses local neighborhood motion consensus and exploits
a smooth function to fit global motion consensus to find inliers. Mul-
tiple sparse semantics dynamic graph network (MS?DGNet) (Dai et al.,
2022) build a sparse dynamic graph to capture local topology among
correspondences. MSA with Local Feature Consensus (MSA-LFC) (Wang
et al., 2023b) enhances local feature consensus by incorporating mutual
neighborhood consensus among neighboring features and aggregat-
ing them. Sparse semantic learning network (SSLNet) (Chen et al.,
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Fig. 3. The architecture of the Multi-granularity Consensus Network for correspondence pruning. It includes three novel modules to learn three-granularity consensuses: (1) The
multi-level local feature aggregation module (MLL Module), which adapts to the size of the local neighborhood and captures local consensus. (2) The GroupGCN module focuses
on group consensus and acts as a buffer organization from local to global consensus. (3) The multi-order global feature aggregation module (MOG Module) enhances the richness
of global consensus. Besides, S € RN indicates the initial putative correspondence set. w/*e?/, wsro welobal & RNX! represent local consensus, group consensus, and global consensus

scores, respectively.

2024) enhances region-to-whole graph consensus learning through at-
tention mechanisms to measure the confidence of nodes in the sparse
graph. To avoid the negative impact of outliers, Consistency guided
ResFormer network (CGR-Net) (Yang et al., 2024) uses consistent cor-
respondences to guide model perspective focusing. Rotation-invariant
sequence-aware consensus (RoSe) (Liu et al., 2024) is derived to bet-
ter characterize the topological structure of inliers and enlarge the
distribution between inliers and outliers. Most existing learning-based
methods tend to focus on local and global consensus, which repre-
sent a very small and large perspective, respectively. However, the
considerable disparity between these two perspectives may result in
challenges for the stable optimization of the network. Meanwhile, only
correspondences that strictly satisfy both local and global consensus are
preserved. Nevertheless, local distortions and non-rigid transformations
are commonly found in remote sensing images, which means that
even inliers cannot guarantee strict adherence to both local and global
consensus. To address this issue, we propose a group consensus, which
acts as a buffer organization from local to global consensus. We further
consider consensus with multiple granularities, i.e., local, group, and
global consensus, and propose a novel consensus network that more
comprehensively learns consensus among correspondences, enabling
better performance on complex tasks.

3. Proposed method

In this section, we first introduce the problem formulation. Next, we
describe the proposed MLL Module, GroupGCN Module, MOG Module,
and loss function. Following that, we will elaborate on implementation
details.

3.1. Problem formulation

Given a pair image (LI'), we first extract feature points for I
and I using off-the-shelf feature detection and description methods
(e.g., handcrafted scale invariant feature transform (SIFT) (Lowe, 2004)
or learned SuperPoint (DeTone et al., 2018)), respectively. The putative
correspondence set S can then be established based on the nearest
neighbor matching strategy:

S = {Si} eRNM4i=1,2,...,N,s; = (x"l,y"l,x;,y;), (€D)]

where s; is the ith correspondence; N is the number of correspon-
dences; (x},y}) and (x}, y}) refer to the normalized coordinates of the
ith correspondence with respect to the camera internal parameters. Our
objective is to identify inliers while rejecting outliers in S.

Similar to previous works (Zhao et al., 2021; Dai et al., 2022), we
also cast the correspondence pruning into a binary classification and an
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essential matrix regression problem. To this end, building on the state-
of-the-art iterative pruning framework (Zhao et al., 2021), as shown
in Fig. 3, the architecture of the proposed MGCNet consists of three
key steps: correspondence pruning (with two pruning blocks), model
estimation, and full-size verification. Specifically, the initial putative
correspondence set S as input first passes through the first pruning
block, yielding two outputs, including pruned correspondence set S,
and inlier weight O,. Next, we combine S, and O, and feed them into
the second pruning block. This block produces a subset with a higher
inlier ratio, denotes as S,, and a more accurate inlier weight, denoted
as 0,. The above processes can be expressed as :

8101 = fo(5), (2

(S2,0,) = fp (S, I 01D, 3

where f, and fy are the first and second pruning blocks with learnable
parameters @ and . [-||-] presents concatenation operation. §; € RN/*
and S, € RN2** are two pruned correspondence subsets, where N, <
N; < N. O, and O, represent the final logit values of two pruning
blocks, in which O, is additionally processed by a ResNet block and
an MLP layer. After that, we use the weighted eight-point algorithm to
calculate essential matrix E. Finally, the estimated E is adopted to ac-
complish a full-size verification on the initial putative correspondence
set S to recover those inliers that are erroneously pruned. The above
processes can be formulated as:

E=¢S,,0,). &)

P=nE,S), %)

where g(-,-) is the weighted eight-point algorithm; A(-,-) is to compute
the epipolar distances for a full-size verification. P is the epipolar
distance set that indicates the correctness of each correspondence in
S.

3.2. Multi-level local feature aggregation module

In remote sensing image pairs, correspondences often have a non-
uniform density across various regions, which poses a significant chal-
lenge for correspondence pruning. Some existing networks (Zhao et al.,
2021; Liu et al., 2021c; Dai et al., 2022) directly adopt a fixed local
feature extraction module, such as a fixed scale and feature aggregation
method. However, this approach may not be reasonable for solving
the aforementioned challenge. To address this issue, we propose a
multi-level local feature aggregation module (MLL Module, as shown
in Fig. 4), which can adapt to the size of the local neighborhood to
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Fig. 4. The multi-level local feature aggregation module (MLL Module). Neighborhood
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CLNet (Zhao et al., 2021).
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capture local consensus among correspondences flexibly for different
scenes.

Specifically, for each correspondence s, it first passes through a
series of ResNet Blocks and an MLP layer for feature embedding, where
an MLP layer is implemented by a convolutional operation with a
kernel size of 1 and a stride of 1. We denote the embedded feature
vector with respect to s; as f;. After that, we search k nearest neighbors
for f; and obtain a feature map {f;;} € RV¥**C j=1,.. k1<k<N.
Based on this, a k nearest neighbor graph G!**% = (Vj/ocal Eleca!) can
be constructed to capture local context among correspondences, where
yloeal = {f;li =1,2,...,k} are k-nearest neighbors of f; and E!°“
indicates the set of directed edges from f; to its k nearest neighbors.
Following Dai et al. (2022), the local neighborhood features of each
correspondence can be described as:

e; =il fi— fijli=12,....k (6)

where f; — f;; is the residual feature; [-||-] presents concatenation
operation along the channel dimension.

Compared to a simple pooling operation, this approach is more
flexible in extracting contextual features. Furthermore, it is evident
that the size of the contextual receptive field depends on the value
of k. Although increasing k can effectively enlarge the receptive field,
significantly increasing k would result in huge computations and be-
come time-consuming, which is not conducive to real-time applications.
Inspired by the fact that in multi-layer convolutional neural networks,
a large kernel can be divided into several small kernel cascades for
reducing the parameters while increasing the nonlinear transformation
ability of the networks, we propose the MLL module that progressively
aggregates features from cascaded KNN Graphs to capture multi-scale
local features and avoid complex computation for a large-scale KNN
Graph. Assuming that there are n Neighborhood Aggregation blocks
cascade, the multi-level aggregation can be formulated as:

fi if r=1
NA (f71)

ifl<r<n,
where NA(-) denotes Neighborhood Aggregation, including two steps:
Obtaining the features between f; -1 and each neighbor as {e;j‘1 [1<j<
k} from Gil(’”‘”"_]) = (Vi("’c”’"_”, Ei(]”c“]"’_])) by KNN Graph construction,
—1 _ [pr-1 —1 17 i — ;
where e,fj = - f,; 1,j = 1,2,....k, and aggregating the
features {e{.’lll < j <k} — f] by passing messages along graph edges
E(local,r—l)
i

= @

with an annular convolutional layer. When 1 < r < n, f] is
not only the input feature of the rth Neighborhood Aggregation block,
but also the output feature of the (r-1)th Neighborhood Aggregation
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block. Finally, we concatenate the resolution-like local features and
obtain ' = concat(f}, f2, ..., f"), followed by a ResNet Block to fuse
these features and obtain the local feature set F/oc@! = { flocal},

3.3. GroupGCN

Most existing works (Zhao et al., 2021; Liu et al., 2021c) focus on
local and global consensus, which represent a very small and large
perspective, respectively. However, the considerable disparity between
these two perspectives may result in challenges for the stable opti-
mization of the network. Meanwhile, only correspondences that strictly
satisfy both local and global consensus are preserved. Nevertheless,
local distortions and non-rigid transformations are commonly found
in remote sensing images, which means that even inliers cannot guar-
antee strict adherence to both local and global consensus. To address
this issue, we propose group consensus, which focuses on a balanced
perspective and acts as a buffer organization from local to global
consensus, called group graph convolution neural network (GroupGCN)
Module, shown in Fig. 5. Specifically, the local feature set F/°? is
encoded to obtain the local consensus set w/°°? € R¥X! through an MLP
layer. Next, F/o°@ and w/*? are divided evenly into m groups along the
spatial dimension, as shown in Fig. 6. The above grouping details can
be formulated as:

xC .
Ji=1,...

N
Flam/ - {Fﬁam/} ’Ffocal = R; m, (8)

wlacal — {wﬁocal} ’w‘l_ocal = R% i=1,...,m (9)

For each group, we construct a group graph: G¥™% = (V™ E7),
where V¥ denotes all local features in F/*°“/, edges E¥"* connects
any two local features within the group. Similar to Zhao et al. (2021),
we also use a graph convolutional network (GCN) (Kipf and Welling,
2016) to learn the correlations among correspondences within the
group. We define the adjacency matrix as A; = wi*¥ . wﬁ"c’”T. Then,

the group feature can be obtained as follows:

F}grouP — é(LéocalFﬁocalwf"Wﬂ)’ (10)

1 1

where the Laplacian matrix L; = D, *A;D, ?, A, = A, + I with I being
an identity matrix. ]N),. is the diagonal degree matrix of K,.. 5(-) is an
activation function. W¥"*” is a learnable matrix. After obtaining all
F¥"“’ | they are concatenated along the spatial dimension, followed by
a series of ResNet Blocks to perform further feature learning. Thus, the
group feature F8°“? is obtained for subsequent global feature learning.

Compared to using a KNN Graph for extracting local consensus,
the random grouping strategy applied to all correspondences allows
correspondences belonging to the same group to spread over a large
region, thereby expanding the receptive field. The correlations learned
between correspondences within each group using GCN are referred to
as “group consensus”. The receptive field of group consensus ranges
between local and global consensus, thus acting as a buffer from local
to global consensus.

3.4. Multi-order global feature aggregation module

The Laplacian matrix used in graph convolutional neural network
(GCN) is an important tool for representing the topological structure of
a graph and Laplacian matrices of different orders have different poten-
tial applications. Existing networks rely solely on first-order Laplacian
matrix to transmit node features, representing the relationship between
correspondence and its neighboring neighbors, which may not be suffi-
cient for classification tasks in complex scenarios. Notably, a high-order
Laplacian can increase the graph connectivity (Gao and Ji, 2019).
For instance, a k-order Laplacian builds links between nodes whose
distances are at most k hops (Chepuri and Leus, 2016).

To this end, we consider using multi-order Laplacian matrices to
learn global consensus. Specifically, the group feature set F& 4 is
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encoded to obtain the group consensus set wé"? € RVNX! through an
MLP layer. The first-order global features F(' can be obtained with a
GCN block, followed by a sigmoid activation function to enhance the
nonlinear transformation, which can be expressed as:

FO = sLpsrowwsiod) (11

where the first-order Laplacian matrix L is determined based on the
group consensus set w8"*?. To obtain high-order global features, we
stack GCN blocks for feature learning. The high-order Laplacian matri-
ces can be achieved by using consensus sets derived from high-order
global features. We show the second and third-order global feature
learning as follows:

FO = sLFOWE "), 12)

FO = 5LFOWS ™), 13)

where Wf’l"b“l is a learnable matrix and i € {1,2,3}. We concatenate the
multi-order global features and use an MLP layer to fuse them, resulting
in the comprehensive global feature F&/**¢ The global consensus set
welobal ¢ RNX1 can be obtained by applying an MLP layer to F&/oba!,

3.5. Loss function

Following CLNet (Zhao et al., 2021), we adopt a hybrid loss function
to guide the training of our MGCNet, which includes a classification loss
and an essential matrix regress loss L,(-, ")

L =L, +aL,,(ERE), 14

cls

where E and E are the ground truth essential matrix and the predicted
essential matrix, respectively; a is a weight parameter, which is used
to balance these two losses. L, is formulated as

M

Lcls = 2 (fbce(o-(rm (0] Wi,(,)ml)’ Y,,,)

m=1

+ Cpeo(o (f,,, 0] wfn”’“") V)
Fheo(0(z,, @ WEOP) 1))
+ Cpee (6 (£ ©0),Y),

cls

(15)
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o lobal
where ¢, is a binary cross entropy loss; w'e?!, w/*?, w5/”"' represent

the consensus sets of three-granularity modules in the mth pruning
block, respectively; 6 is the last output in our MGCNet; y denotes
the set of binary ground-truth labels; # is an adaptive temperature to
alleviate the effect of label ambiguity; ¢ indicates the sigmoid function;
O represents the Hadamard product; M is the number of pruning blocks.

The essential matrix loss is a geometry loss between the predicted

essential matrix E and the ground-truth essential matrix E, L, (E,E)
is formulated as

" ®; EPl)
L, (E,E) = (16)

2 2 2’
”Epl”m + ”Epl”[zj + ||ETp2||“J + ”ETpZ”m

where p; and p, are virtual correspondences generated by the ground
truth E matrix. t};) refers to the ith element of vector t.

3.6. Implementation details

As shown in Fig. 3, MGCNet comprises two pruning blocks designed
to identify reliable candidates for estimating essential matrix and in-
lier probabilities. Each pruning block consists of ResNet Block, MLL
Module, GroupGCN Module, MLG Module, and MLP Layer. Specifically,
the ResNet Block includes Perceptron, Context Normalization, Batch
Normalization, and ReLU activation function. Following CLNet (Zhao
et al., 2021), we sample 50% correspondences as candidates in each
pruning block, i.e., N, = %N, iN . Additionally, we use SIFT to
establish the initial correspondence set, which involves up to 2000
correspondences. The channel dimension C is set to 128. In the MLL,
we halve the channel dimension C for k nearest neighbor search to
balance effectiveness and computational cost. The number of groups in
the MOG is set to 4. Note that we also add the group consensus to the
loss function for networking training. MGCNet is trained on PyTorch,
adopting a warmup strategy instead of a fixed learning rate. The
learning rate starts with linearly increasing for the first 10k iterations,
followed by decreasing every 20k iterations with a factor of 0.4. Adam
optimization is used for a total of 50k iterations with a batchsize
of 32. And the parameter « is set as 0 at the beginning, and after
20k iterations, it is changed to 0.5. All experiments are conducted on
Ubuntu 18.04 with an NVIDIA GTX 3090 GPU.

4. Experiments

In this section, we first introduce the datasets and evaluation pro-
tocols. To validate the performance of the proposed MGCNet, we
further conduct comparative experiments on correspondence pruning,
camera pose estimation, remote sensing image registration. Finally, to
demonstrate the effectiveness of each component in MGCNet, we also
perform comprehensive ablation studies.
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Performance comparison of correspondence pruning on outdoor and indoor datasets in both known and unknown scenes. The best performance is highlighted in bold.

Datasets Outdoor (%) Indoor (%)
Method Known scene Unknown scene Known scene Unknown scene

P (%) R (%) F (%) P (%) R (%) F (%) P (%) R (%) F (%) P (%) R (%) F (%)
RANSAC (Fischler and Bolles, 1981) 47.35 52.39 49.74 43.55 50.65 46.83 51.87 56.27 53.98 44.87 48.82 46.76
MAGSAC (Barath et al., 2019) 45.15 62.36 50.26 44.41 54.46 50.01 - - - - - -
GMS (Bian et al., 2017) 47.75 47.92 47.83 41.84 47.91 44.67 - - - - - -
LPM (Ma et al., 2019c) 43.75 65.65 51.72 44.28 55.42 50.63 - - - - - -
LMR (Ma et al., 2019a) 50.75 66.12 55.19 44.88 58.21 52.71 - - - - - -
Point-Net++ (Qi et al., 2017b) 49.62 86.19 62.98 46.39 84.17 59.81 52.89 86.25 65.57 46.30 82.72 59.37
LFGC (Yi et al., 2018) 54.43 86.88 66.93 52.84 85.68 65.37 53.70 87.03 66.42 46.11 83.92 59.37
OANet++ (Zhang et al., 2019) 60.03 89.31 71.80 55.78 85.93 67.65 54.30 88.54 67.32 46.15 84.36 59.66
ACNe (Sun et al., 2020) 60.02 88.99 71.69 55.62 85.47 67.39 54.11 88.46 67.15 46.16 84.01 59.58
CLNet (Zhao et al., 2021) 76.01 79.56 77.74 74.89 76.79 75.83 65.06 73.78 69.15 59.97 68.35 63.89
OANet+++ (Zhang et al., 2022) 60.76 90.84 72.82 56.64 87.69 68.82 55.38 88.56 68.14 47.32 84.40 60.64
MS2DGNet (Dai et al., 2022) 63.17 90.98 74.57 59.11 88.40 70.85 54.50 88.63 67.50 46.95 84.55 60.37
MSA-LFC (Wang et al., 2023b) 64.38 91.85 75.70 59.67 88.42 71.25 55.82 88.78 68.54 47.86 84.84 61.20
MGCNet 77.97 82.02 79.94 76.94 79.14 78.02 65.81 74.55 69.91 60.78 69.24 64.73

4.1. Datasets (Dai et al., 2022) for comparison. Note that, OANet+++ (Zhang et al.,

YFCC100M (Thomee et al., 2016) is used for outdoor scene evalu-
ation. The dataset consists of 72 sequences, of which 68 sequences are
fixedly selected for training and the remaining 4 sequences are used for
testing. SUN3D (Xiao et al., 2013) is used for indoor scene evaluation,
which is a sequence of image frames from indoor RGB-D videos. The
dataset comprises 254 sequences, of which 239 sequences are fixedly
selected for training and the remaining 15 sequences for testing. The
sequences for training and test are the same for all of the methods.
Following Zhang et al. (2019), for both of the aforementioned datasets,
the test set is considered as the unknown scene, while 20% of the
training set is considered as the known scene. YFCC100M and SUN3D
are used for the evaluation of correspondence pruning and camera pose
estimation.

Remote Sensing dataset (Ma et al., 2022a) is primarily utilized for
evaluating image registration. We select 60 pairs of remote sensing
images with different scenes and deformations for evaluation. These
selected image pairs suffer from severe noise, affine transformations,
small overlaps, and large viewpoint changes.

UAV’Rice comprises a total of 257 color image pairs, which are
captured by an unmanned aerial vehicle (UAV). The UAV images are
of size 819 x 546. These image pairs are instrumental in addressing the
challenge of automatic crop monitoring and involve intricate conditions
such as large viewpoint changes, projection transformations, and a
substantial amount of similar local structures.

4.2. Evaluation protocols

We evaluate the performance of the proposed network on various
tasks. For correspondence pruning, we choose Precision (P), Recall (R),
and F-score (F) as the metric. For camera pose estimation, we use the
mean average precision under 5° (mAP5°) as the metric (Dai et al.,
2022). For image registration, we select the root mean square error
(RMSE), median error (MEE), and maximum error (MAE) as evaluation
metrics (Ma et al., 2022a).

4.3. Correspondence pruning for YFCC100M and SUN3D

We first evaluate the proposed MGCNet on correspondence pruning
task, which serves as the crucial prerequisite for many computer vision
tasks. Specifically, we select four traditional handcrafted methods, in-
cluding classical RANSAC (Fischler and Bolles, 1981), MAGSAC (Barath
et al., 2019), GMS (Bian et al., 2017), LPM (Ma et al., 2019c¢), and ten
leaning-based methods including LMR (Ma et al., 2019a), Point-Net++
(Qi et al.,, 2017b), LFGC (Yi et al., 2018), OANet++ (Zhang et al.,
2019), ACNe (Sun et al., 2020), CLNet (Zhao et al., 2021), LMCNet
(Liu et al., 2021c), OANet+++ (Zhang et al., 2022) and MS?DGNet

2022) is an improved version of OANet++ (Zhang et al., 2019), which
enhances the network performance by incorporating additional infor-
mation as extra inputs, such as the mutual nearest neighbors and the
test ratio computed from the descriptors.

Table 1 reports the quantitative comparison results on both outdoor
and indoor scenes. It can be observed that learning-based methods
consistently outperform traditional methods due to the high proportion
of outliers present in both datasets. The proposed MGCNet outperforms
all competitors in terms of Precision and F-score across all scenes.
Specifically, compared to the second ranked method, the F-score of
our MGCNet improves by 2.20% and 2.19% on the known and un-
known outdoor scenes, respectively. For indoor scenes, our MGCNet
also achieves better Precision and F-score, with improvements over
the second-best of 0.81% and 0.76% for known scenes and 0.81% and
0.84% for unknown scenes, respectively. Compared to other methods
except CLNet, MGCNet achieves a significant lead in Precision with a
certain sacrifice in Recall. This implies that MGCNet is more effective in
learning the consensuses among inliers, with only a few matches being
misjudged. Compared with the baseline model CLNet, the proposed
GroupGCN introduces a group consensus, which acts as a buffer orga-
nization from local to global consensus and helps find more consistent
inliers (reflected in higher Recall values). Meanwhile, the proposed
MLL and MLG modules can effectively boost local and global consensus
learning (reflected in higher Precision values).

Fig. 7 presents a comparison of the qualitative visualization results
achieved by our MGCNet and several other representative methods. It is
evident from the figure that MGCNet successfully removes most outliers
and accurately identifies inliers despite encountering challenges such
as a high proportion of outliers, the wide baseline, textureless regions,
etc. By contrast, the other methods are considerably less robust to such
challenges, leading to the existence of many outliers.

4.4. Camera pose estimation for YFCC100M and SUN3D

Camera pose estimation aims to recover a reliable camera pose
in the world system, which is the basis of 3D reconstruction, and
stereo vision. Compared to correspondence pruning, camera pose es-
timation is more challenging because the network not only needs to
identify the inliers, but also needs to learn a geometric model that
the inliers adhere to. We select traditional methods such as classi-
cal RANSAC (Fischler and Bolles, 1981) and its variants (DEGEN-
SAC (Chum et al., 2005), GC-RANSAC (Barath and Matas, 2018),
MAGSAC (Barath et al., 2019), and MAGSAC++ (Barath et al., 2020)),
and learning-based methods, including Point-Net++ (Qi et al., 2017b),
LFGC (Yi et al., 2018), OANet++ (Zhang et al., 2019), ACNe (Sun
et al.,, 2020), SuperGlue (Sarlin et al., 2020), CLNet (Zhao et al.,
2021), LMCNet (Liu et al., 2021c), OANet+++ (Zhang et al., 2022),
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Fig. 7. Partial typical visualization results of RANSAC, MS>DGNet, CLNet, and MGCNet (from top to bottom). The first four columns are from the YFCC100M dataset. The remaining
images are from the SUN3D dataset. The green lines and red lines represent inliers and outliers, respectively. (For interpretation of the references to color in this figure legend,

the reader is referred to the web version of this article.)

Table 2

Performance comparison of camera pose estimation on outdoor and indoor datasets in both known and unknown scenes with SIFT descriptor. The mAP5° (%) is reported without/with
RANSAC. And model parameters of all deep methods are listed in the second column. The best performance is highlighted in bold.

Matcher Param (MB) Outdoor (%) Indoor (%)
Known scene Unknown scene Known scene Unknown scene
- RANSAC - RANSAC - RANSAC - RANSAC
RANSAC (Fischler and Bolles, 1981) - - 05.81 - 09.07 - 04.52 - 02.84
DEGENSAC (Chum et al., 2005) - - 21.00 - 27.65 - 16.01 - 11.01
GC-RANSAC (Barath and Matas, 2018) - - 30.43 - 41.58 - 18.86 - 14.14
MAGSAC (Barath et al., 2019) - - 32.80 - 41.61 - 20.35 - 16.24
MAGSAC++ (Barath et al., 2020) - - 30.48 - 40.95 - 18.90 - 14.19
Point-Net++ (Qi et al., 2017b) 12.00 10.49 33.78 16.48 46.25 10.58 19.17 08.10 15.29
ACNe (Sun et al., 2020) 0.41 29.17 40.32 33.06 50.89 18.86 22.12 14.12 16.99
LFGC (Yi et al., 2018) 0.39 13.81 34.55 23.95 48.03 11.55 20.60 9.30 16.40
OANet++ (Zhang et al., 2019) 2.47 32.57 41.53 38.95 52.59 20.86 22.31 16.18 17.18
SuperGlue (Sarlin et al., 2020) 12.02 35.00 43.17 48.12 55.06 22.50 23.68 17.11 18.23
CLNet (Zhao et al., 2021) 1.27 39.00 45.22 54.05 59.70 20.62 24.15 16.95 18.87
LMCNet (Liu et al., 2021c) 0.97 33.73 40.39 47.50 55.03 19.92 21.79 16.82 17.38
OANet+++ (Zhang et al., 2022) 2.47 37.48 44.73 43.13 55.95 22.74 23.02 17.39 17.44
MS?DGNet (Dai et al., 2022) 2.61 38.36 45.34 49.13 57.68 22.20 23.00 17.84 17.79
MSA-LFC (Wang et al., 2023b) 1.73 44.60 46.19 53.62 57.25 22.84 22.64 18.41 17.80
MGCNet 2.05 48.55 48.79 62.55 63.22 23.22 25.13 19.30 19.96
Table 3 MS?DGNet (Dai et al., 2022), and MSA-LFC (Wang et al., 2023b) for

Performance comparison of camera pose estimation on outdoor scenes with SuperPoint
descriptor. The mAP5° (%) is reported without/with RANSAC. The best performance
is highlighted in bold.

Matcher Known scene Unknown scene
- RANSAC - RANSAC
RANSAC (Fischler and Bolles, 1981) - 12.85 - 17.47
Point-Net++ (Qi et al., 2017b) 11.87 28.46 17.95 38.83
ACNe (Sun et al., 2020) 26.72 31.16 32.98 45.34
LFGC (Yi et al., 2018) 12.18 30.25 24.25 42.57
OANet++ (Zhang et al., 2019) 29.52 35.72 35.27 45.45
CLNet (Zhao et al., 2021) 27.93 32.75 38.48 45.02
OANet+++ (Zhang et al., 2019) 30.62 35.73 36.85 45.97
MS?DGNet (Dai et al., 2022) 30.40 36.02 37.38 46.48
MSA-LFC (Wang et al., 2023b) 32.58 36.67 42.07 48.53
MGCNet 34.33 36.83 44.49 50.33
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comparison.

Table 2 shows the quantitative comparison results on both outdoor
and indoor scenes. Similar to the results of the correspondence pruning,
learning-based methods demonstrate superior performance compared
to traditional ones. Traditional methods employing the hypothesize-
verification framework often fail to achieve satisfactory results in the
presence of a high proportion of outliers. By contrast, learning-based
methods benefit from the powerful feature representation and general-
ization ability of deep neural networks, enabling them to learn more
compact correlations among inliers and fit more accurate essential
matrices. Among all learning-based methods, our MGCNet gains the
best results under all testing scenes. Specifically, our MGCNet obtains
3.95% and 8.50% improvement in terms of mAP5° on known and
unknown scenes of outdoor scenes, compared to the second-best models
(MSA-LFC and CLNet) without RANSAC. It is worth noting that other
learning-based methods often require RANSAC as a post-processing step
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Fig. 8. Partial typical visualization results of correspondence pruning on remote sensing dataset. The image pairs suffer from severe noise, small overlap, large rotation changes,
and non-rigid transformation, respectively. From top to bottom: results of RANSAC with 1k iterations, LLT, LPM, OANet++, mTopKRP, CLNet, PMC, MS?>DG-Net and MGCNet. The
green lines and red lines represent inliers and outliers, respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the web version

of this article.)

to achieve satisfactory results, whereas MGCNet can achieve superior
results independently. The good performance of MGCNet demonstrates
that the proposed MLL, MOG, and GroupGCN can effectively per-
form multi-granularity consensus learning and enhance the interactions
between inliers, producing accurate camera pose estimation results.
Moreover, Table 2 also gives model parameters of all learning-based
methods. We can see that our MGCNet gives the best performance with
a reasonable computation complexity and a competitive advantage.

In addition to evaluating the robustness of MGCNet for camera pose
estimation with different feature descriptors, we also use the learning-
based descriptor SuperPoint (DeTone et al.,, 2018) to construct the
initial correspondence set. Table 3 reports the performance comparison
of camera pose estimation on outdoor scenes with the SuperPoint
descriptor. Our MGCNet also achieves superior performance, which is
consistent with the results using the SIFT descriptor, demonstrating the
robustness of MGCNet.

4.5. Remote sensing image registration
The performance of MGCNet is further evaluated on remote sensing

image registration. Image registration mainly focuses on maximizing
the alignment of the overlapped area between the reference image and
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the transformed sense image. Although image registration in remote
sensing is also achieved by estimating a transformation matrix, unlike
the parametric models such as essential matrix, the remote sensing
image pairs involve local distortion and non-rigid transformation. Thus,
the transformation can only be modeled by methods such as TPS. To
achieve better registration performance, the inliers identified by the
network should be distributed as evenly as possible in various regions
of the image instead of being concentrated only in a local area, which
requires the network to fully explore the consensus among inliers.
The model trained on the YFCC100M dataset is chosen for evalua-
tion. We first show the visualization results of correspondence pruning
and image registration on several typical image pairs in Figs. 8 and
9, respectively. It can be found that the matching results of MGCNet
can cover a larger overlap area than other competitors. Using multi-
granularity consensus, MGCNet has the advantage of being able to
handle unevenly distributed keypoints. Furthermore, as shown in Fig. 9,
MGCNet produces impressive results for all challenges. In contrast to
the baseline model CLNet, MGCNet can effectively handle image pairs
with a small overlap area. In addition, we also present the cumulative
distribution results for image registration, including the root mean
square error (RMSE), mean Euclidean error (MEE), mean absolute error
(MAE), and run time (RT) in Fig. 10 and their average values in
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non-rigid transformation, respectively. From left to right: the results of RANSAC with 1k iterations, CLNet, MS?2DG-Net, and MGCNet, where the left and right images in each group
are checkerboard images and warped sensed results, respectively, and the second row ones show the local region.
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Fig. 10. Quantitative statistics of image registration. A point coordinate (x, y) on this curve presents that there are (100*x)% percent of image pairs whose performance values

(i.e., RMSE, MAE, MEE, and RT) do not exceed y.

Table 4. From the quantitative results, we can find that RANSAC with
1k iterations fails to achieve satisfactory registration performance since
it is sensitive to a high proportion of outliers and can only produce the
parametric model, which is not suitable for non-rigid transformations
between remote sensing image pairs. Among learning-based methods,
MGCNet achieves nearly optimal performance across all metrics, except
for a small amount of additional run time. In summary, the proposed
MGCNet also performs well on remote sensing image registration.
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4.6. UAV remote sensing image registration

To further evaluate the generalization ability of MGCNet, we test it
on a new UAV remote sensing image dataset, i.e. the UAV’Rice dataset.
We extract the SIFT features and construct putative correspondences
based on the similarity of feature descriptors with the nearest neighbor
matching strategy. Similar to Ma et al. (2022a), the ground truth is
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Table 4
Performance comparison on remote sensing data with SIFT. The average RMSE, MAE,
MEE, and RT are reported. The best performance is highlighted in bold.

Method RMSE | MAE | MEE | RT (ms) |
RANSAC (Fischler and Bolles, 1981)  67.69 226.85 71.48 571.51
LLT (Ma et al.,, 2015) 4.309 30.866  4.1506 264.89
LPM (Ma et al., 2019¢) 1.47 22.79 0.0004  58.67
OANet++ (Zhang et al., 2019) 18.24 69.26 19.82 82.94
mTopKRP (Jiang et al., 2019) 1.456 22.82 0.0004  51.696
CLNet (Zhao et al., 2021) 5.045 30.07 6.1805 75.38
PMC (Liu et al.,, 2022) 1.448 22.76 0.0004  63.825
MS2?DGNet (Dai et al., 2022) 3.59 73.26 0.0475 86.18
MGCNet 1.444 20.88 0.0004  95.19

established concerning a benchmark prepared in advance for objectiv-
ity, and each putative correspondence in each image pair is checked
manually.

To comprehensively evaluate the efficacy of the proposed network,
we report the results of correspondence pruning (P, R, F) and image
registration (RMSE, MAE, MEE, RT) in Table 5. We choose RANSAC and
three learning-based methods for comparison. All models are trained on
the YFCC100M dataset with SIFT descriptor. It can be observed that our
MGCNet outperforms other competitors. MS?DGNet, only constructing
local graphs to obtain local consensus, is easily disturbed by a large
amount of similar local structures. Therefore, many inliers cannot be
identified, resulting in a poor registration model. Compared to CLNet,
MGCNet can predict more inliers and gain a better registration model
thanks to group consensus, which can compensate for the lack of
medium-granularity consensus. This demonstrates that our MGCNet
has a stronger generalization ability since it identifies correct corre-
spondences by multi-granularity consensus learning, and shows better
effectiveness for UAV remote sensing image correspondence pruning
and registration.

4.7. Ablation studies

Ablation studies involve the modification of certain components
or parameters to observe their impact on the models performance.
To demonstrate the effectiveness of each component of the proposed
MGCNet, we conduct ablation studies on camera pose estimation on
the YFCC100M dataset. mAP5° (%) and mAP20° (%) on both known
and unknown scenes are reported for evaluation.

Multi-granularity Consensus. In MGCNet, we design three modules
to exploit three types of consensus of correspondences, i.e., multi-level
local feature aggregation module (MLL) for local consensus, GroupGCN
Module for group consensus, and multi-order global feature aggregation
Module (MOG) for global consensus. Firstly, we add each of them to
the baseline model CLNet, as shown in the 2nd—4th rows of Table 6.
It can be found that each module significantly enhances performance.
For instance, the GroupGCN module achieves a 5.06% and a 1.79%
improvement compared to the baseline model on known scenes for
mAP5° without and with RANSAC, respectively. Comparison between
the 1st and 4th rows of Table VI demonstrates that, in contrast to the
baseline model CLNet, which only utilizes a first-order Laplacian matrix
to extract the global context of correspondences, our MOG module
enriches the extracted global context by introducing multi-order Lapla-
cian matrices. In this process, lower-order features provide a foundation
for higher-order features. By integrating these multi-order features,
our performance has been significantly improved. Moreover, the same
conclusion can be drawn from the comparisons between the 2nd and
6th rows, the 3rd and 7th rows, and the 5th and 8th rows of Table 6.
Subsequently, we conduct three additional experiments by combining
any two modules and adding them to the baseline model, as shown
in the 5th—7th rows of Table 6. We observe that the joint utilization of
both modules yields better results compared to each individual module,
which indicates that the proposed modules can interact with each other
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Fig. 11. Performance statistics of different iteration number n with respect to Neigh-
borhood Aggregation in MLL on the YFCC100M dataset. (a) shows the results on the
unknown scene and (b) refers to the known scene.

and have a complementary effect. Finally, we achieve the best results
by adding all modules to the baseline, i.e. MGCNet shown in the last
row of Table 6. This indicates that MGCNet learning Multi-granularity
consensus is vital to identify inliers.

Effect of Iteration Number of Neighborhood Aggregation in MLL.
We also investigate the effect of the iteration number of Neighborhood
Aggregation in MLL. The model trained on the YFCC100M dataset is
chosen for evaluation. As shown in Fig. 11, we can find that with the
increase of iteration number, MGCNet demonstrates improved perfor-
mance on both known and unknown scenes, with and without RANSAC
for post-processing, indicating that the multi-level local feature aggre-
gation module can obtain rich and diverse local contextual information.
However, the performance slightly declines when the iteration number
reaches four, indicating that the network is somewhat overfitting.
Consequently, to balance efficiency and performance, we opt for an
iteration number »n = 3 as the default setting.

Effect of Group Number of Correspondences in GroupGCN. The
group number of correspondences in GroupGCN, denoted as m, signifi-
cantly influences the learning of the group consensus. For both training
and testing, we set m to 1, 2, 4, 6, and 8. Notably, m = 1 corresponds to
the solution in CLNet, i.e., only a GCN module is applied to learn global
features. From Fig. 12 and Table 7, it can be observed that an increasing
m corresponds to continuous performance enhancement. Nevertheless,
beyond a group number of 4, the performance improvement plateaus,
possibly due to an insufficiency of correspondence with each group.
In addition, the increase of m also leads to an augmentation in model
parameters. Therefore, we set m = 4 as default.

Comparison of MGCNet and CLNet with a larger capacity. To
explore the performance comparison between our MGCNet and the
baseline CLNet under a similar scale of model capacity, we increased
the model parameters of CLNet by duplicating its core modules, includ-
ing the residual structures. As shown in Table 8, enhancing the model’s
parameters can improve performance to a certain extent. However,
merely increasing network parameters without targeted optimization
and design may lead to a large number of redundant parameters in the
network. This not only complicates the optimization process but could
also induce performance bottlenecks. In contrast, our MGCNet, even
with a similar scale of network parameters as CLNet*, demonstrates
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Table 5
Performance comparison results of correspondence pruning and image registration on the UAV’Rice dataset. The best performance is highlighted
in bold.
Method Correspondence pruning Images registration
P (%) 1t R (%) 1 F (%) 1 RMSE | MAE | MEE | RT (ms) |
RANSAC (Fischler and Bolles, 1981) 78.39 55.83 65.21 51.79 141.62 62.31 593.41
OANet (Zhang et al., 2019) 79.23 75.11 77.12 8.42 27.55 9.70 66.433
CLNet (zhao et al., 2021) 81.30 75.54 78.31 5.20 16.25 6.67 66.919
MS?DGNet (Dai et al., 2022) 71.69 71.00 71.34 17.00 51.63 19.72 71.959
MGCNet 83.50 82.26 82.88 2.07 9.76 1.54 67.699
Table 6

Ablation study on the YFCC100M dataset with SIFT descriptor. The mAP5° (%) and mAP20° (%) on both known and unknown scenes without
and with RANSAC are reported. MLL: Multi-level Local Feature Aggregation Module. GroupGCN: GroupGCN Module. MOG: Multi-order Global

Feature Aggregation Module.

Baseline MLL GroupGCN MOG Known Unknown
mAP5° mAP20° mAPS5° mAP20°
- RANSAC - RANSAC - RANSAC - RANSAC
v 39.00 45.22 61.95 67.90 54.05 59.7 76.37 79.65
v v 42.21 45.73 64.92 68.45 57.60 60.70 79.16 80.24
v v 44.06 47.01 66.76 69.68 56.00 59.98 78.79 80.00
v v 42.51 47.18 64.73 69.24 57.35 60.92 78.78 80.41
v/ v v 47.07 48.48 69.03 70.51 61.35 61.88 81.03 81.51
v v v 4403  47.37 66.50  69.68 50.60  61.62 79.77  80.09
v v v 45.03  47.42 66.62  69.36 57.07  61.35 78.97  80.78
v v v v 48.55  48.79 70.48  71.09 62.55  63.22 82.09  81.94
Table 9
65 Performance comparison under different weight parameter a« on YFCC100M with
60 SIFT.
55 a Known Unknown
°2 50 mAP5° F mAP5° F
P — b : 0.0 36.97/45.31 75.95 54.25/60.50 75.83
40 0.1 46.85/48.01 79.66 60.85/61.65 78.85
35 0.2 47.58/48.23 79.99 61.58/62.84 78.45
30 0.3 47.74/48.32 79.92 60.91/62.13 78.05
1 2 4 6 g 0.4 47.68/48.59 79.97 62.13/62.46 78.23
Group Number m 0.5 48.55/48.79 80.13 62.55/63.22 78.11
0.6 47.55/48.48 79.98 62.52/62.92 78.37
—+—Known Unknown 0.7 47.24/48.60 79.96 61.52/62.00 78.10
0.8 48.06/48.37 79.90 62.62/63.10 78.16
Fig. 12. Ablation study about the different number of groups in the GroupGCN module 0.9 47.99/48.75 80.04 60.82/62.42 77.98
on the YFCC100M dataset. 1.0 48.43/48.76 79.99 62.75/63.00 78.24

Table 7

Ablation study about the different number of groups in the GroupGCN module on the
YFCC100M dataset. The mAP5° (%) and mAP20° (%) on both known and unknown
scenes without and with RANSAC are reported. Params (MB): the number of network
parameters.

m Known Unknown Params (MB)
mAPS5° mAP20° mAP5° mAP20°
1 44.52/47.84  67.22/69.89  59.10/60.77  79.94/80.45 1.72
2 45.22/47.49  67.26/69.77  58.70/61.52  80.09/80.09 1.75
4 47.04/48.06 69.58/70.70 61.75/62.85 81.76/81.72 1.82
6 46.57/48.01 69.03/70.49  61.30/61.65  81.34/81.01 1.88
8 46.84/47.98  69.36/70.51 61.35/61.88  81.03/81.51 1.95
Table 8

Performance comparison of MGCNet and CLNet* (CLNet with a larger capacity) on the
YFCC100M dataset.

Method Known Unknown Params (MB)
mAP5° mAP20° mAP5° mAP20°

CLNet 39.00/45.22 61.95/67.90 54.05/59.70 76.37/79.65 1.26

CLNet*  44.76/47.21 66.98/69.18 57.43/61.38 78.85/80.63 2.07

MGCNet 48.55/48.79 70.48/71.09 62.55/63.22 82.09/81.94 2.05

significantly superior performance. This result highlights the rationality
and effectiveness of the intrinsic design of MGCNet.

49

Analysis of Weighting Parameter a. The loss function consists of
two terms: one is the classification loss, and the other is the essential
matrix loss. The weighting parameter « is used to trade off these two
terms. To better determine the value of «, we conduct experiments on
correspondence pruning and pose estimation on YFCC100M with SIFT
by adjusting a from 0 to 1 with an interval of 0.1. As shown in Table 9,
it can be observed that two losses are essential for the optimization
process of our network. @ = 0 indicates that the essential matrix loss
is not used, leading to poor performance. Different weight parameters
have a slight bias towards correspondence pruning and pose estimation
tasks, respectively. When setting a = 0.5, the performance of both tasks
is balanced. Therefore, we set « = 0.5 as the default.

5. Conclusion

This paper proposes the multi-granularity consensus network (MGC-
Net) for remote sensing image correspondence pruning. In MGCNet,
a group consensus is first proposed to alleviate the optimization dif-
ficulties caused by a large gap between local and global consensus,
which acts as a buffer organization from local to global consensus. To
accommodate the uneven distribution of putative correspondences, we
design a Multi-level Local Feature Aggregation Module that adaptively
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adjusts the size of the local neighborhood to capture local consensus.
We further adopt a Multi-order Global Feature Aggregation Module to
strengthen global consensus. Extensive experiments on popular bench-
marks have demonstrated the effectiveness and generalization ability
of the proposed MGCNet over state-of-the-art methods.

To reduce the gap between local and global consensus, we con-
struct multi-granularity consensus features for the correspondences
and design MGCNet to increase the receptive field. Compared with
existing models, our proposed MGCNet may be more adept at handling
large-scale transformations and non-rigid scenarios. However, when the
overlapping region between two-view images is small, it may have a
negative effect on the grouping of local feature sets. In the future,
we will design a better network architecture by deeply studying the
relationship between these multi-granularity consensus features.
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