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ARTICLE INFO ABSTRACT

Keywords: Recently, deep learning (DL) technology has been widely used in correspondence matching. The
Correspondence matching learning-based models are usually trained on benign image pairs with partial overlaps. Since DL
Multi-scale model is usually data-dependent, non-overlapping images may be used as poison samples to
Outer neighborhood fool the model and produce false registrations. In this study, we propose an outlier elimination-
Poisoning attacks based assessment method (OEAM) to assess the registrations of learning-based correspondence
Registration assessment matching method on partially overlapping and non-overlapping images. OEAM rst eliminates

outliers based on spatial paradox. Then OEAM implements registration assessment in two
streams using the obtained core correspondence set. If the cardinality of the core setissu ciently
small, the input registration is assessed as a low-quality registration. Otherwise, it is assessed
to be of high quality, and OEAM improves its registration performance using the core set.
OEAM s a post-processing technique imposed on learning-based method. The comparison
experiments are implemented on outdoor (YFCC100M) and indoor (SUN3D) datasets using four
deep learning-based methods. The experimental results on registrations of partially overlapping
images show that OEAM can reliably infer low-quality registrations and improve performance
on high-quality registrations. The experiments on registrations of non-overlapping images
demonstrate that learning-based methods are vulnerable to poisoning attacks launched by non-
overlapping images, and OEAM is robust against poisoning attacks crafted by non-overlapping
images.

1. Introduction

Correspondence matching, which aims to nd the true matches from initial correspondences contaminated by
numerous false matches (also called mismatches), is a fundamental problem in computer vision and pattern recognition
[1, 2]. It has been widely used in many computer vision tasks, such as image registration [3, 4], geometry baseline
estimation [5], structure understanding and motion estimation [6, 7, 8], and point cloud registration [9, 10].

In recent years, learning-based approaches have been proposed for correspondence matching, such as learning
to nd good correspondences (LFGC) [11], order-aware network (OANet) [12], SuperGlue [13], and local feature
matching with Transformers (LoFTR) [14]. Traditionally, deep learning (DL) models are trained on benign image pairs
with partial overlaps [11, 12, 13, 14]. The study on the model response of non-overlapping image pairsisinsu cient. In
addition, learning-based methods usually depend on hardware. The method application on a handheld device may have
to submitits requestto an arti cial intelligence (Al) service system. As a servo system, the learning-based model should
respond to various inputs, such as non-rigid in vivo images [15], object instances of a common category [16], and non-
overlapping images. For two non-overlapping images, most of the matches between them are false inliers. However,
many learning-based methods usually incorrectly output inliers. To show the vulnerability of the learning-based method
on non-overlapping images, we build non-overlapping image pairs on YFCC100M [17] for demonstration. The non-
overlapping image pair .1g; 1,/ for registration is built using images on four subsets buckingham, notre, reichstag,

and sacre coeur, denoted as .Xq; Xy; Xp; X3/, where 1y _ X1y o X010 jiij = 0;1;2;3. We run OANet to
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show the demonstration (Fig. 1). Fig. 1a shows that OANet usually unreasonably produces a great number of inliers
on non-overlapping image pairs. It seems that non-overlapping images can be used as poison samples to fool OANet
and produce false registration. Learning-based methods may be vulnerable to poisoning attacks. Furthermore, the
experiment results on mean average precision (mAP) in [12] show that OANet sometimes outputs false matches on
registrations of benign samples with partial overlaps. It shows that performance assessment of learning-based methods
on benign and poison samples is necessary for Al applications.
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Fig. 1: The inlier number histograms of non-overlapping images on the YFCC100M dataset: (a) OANEet, (b) OA-OEAM.

In recent decades, various robust methods have been proposed to explore inliers from contaminated mismatches.
Generally, correspondence matching methods can be roughly categorized into three classes: (1) RANSAC-based
methods, (2) outlier elimination-based methods, and (3) learning-based methods. RANSAC-based methods usually
launch contributions in three streams: sampling strategy [18], model veri cation [19], and termination criterion [20].
There are also some studies that integrate several technologies to improve RANSAC, such as graph-cut RANSAC
[21] and VVSAC [22]. RANSAC-based methods are typically implemented using a loop structure [21]. They usually
reach the maximum iteration count on non-overlapping image registration and consequently are ine cient against
the poisoning attacks. Because the topology property of the neighborhood is useful for data re nement [23], several
studies have attempted to eliminate outliers for correspondence matching. Although sampling strategy-based RANSAC
methods aim to nd reliable points, many of them use descriptor distance to improve the hit rate of inliers for
sampling. For outlier elimination methods, they usually employ spatial clustering [24] or neighborhood coherence
[25, 26] techniques to explore inliers rather than use a  tting model to check inliers. Outlier elimination-based methods
usually show superiority in time e ciency and can be used for multi-structure geometry models [25]. The learning-
based correspondence matching methods can be roughly summarized into two categories: detector-based methods and
detector-free methods. The detector-based correspondence matching methods [12, 13] usually detect local features
to produce initial matches. In contrast, the detector-free methods [14] remove the feature detector phase and directly
produce dense descriptors or dense feature matches. For learning-based methods, transferring their models between
two di erent datasets is usually unsuitable. In addition, they may be vulnerable to poisoning attacks.

In this study, we propose an outlier elimination-based assessment method (OEAM) to assess deep learning-based
registration methods. The assessment contains two tasks. One is to reject low-quality image registrations that bring
signi cant model errors. The other is to improve performance on accepted registrations with high quality. We apply
OEAM on OANet, and the results on the poison samples are shown as OA-OEAM in Fig. 1b. OEAMise cient against
poisoning attacks initiated by non-overlapping images. In Fig. 1b, OA-OEAM rejects 92.35% poison samples since
the resulting inlier numbers are less than 16. OEAM is advantageous for identifying false registrations.

OEAM is a post-processing technique imposed on learning-based methods. It takes correspondences generated by
learning-based methods as input. OEAM contains two modules, i.e., mismatch detection and registration assessment.
The procedure of mismatch detection is implemented in four steps. For a pair of images with putative correspondences,
the image scale is rst adjusted using the coordinates of the putative correspondences, so that the two images are
registered on the same scale. Second, we construct an image pyramid to eliminate one-to-many mismatches. After
that, OEAM uses the outer neighborhood of keypoints to generate feature descriptors and detect mismatches, in which
the pixels in the outer neighborhood belong to the ring region next to the local circular neighborhood of the keypoints.
Finally, OEAM detects spatially intersected mismatches. After eliminating mismatches in the detection module, a core
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correspondence set is obtained. The module of the assessment is implemented in two streams. If the cardinality of the
core setissu ciently small, the input registration is inferred as a low-quality registration. Otherwise, it is considered
to be of high quality. For accepted high-quality registration, OEAM uses the core set to improve the inlier precision
and model accuracy. The main contributions of this article are summarized as follows.

(1) We study poisoning attacks on learning-based correspondence matching methods. Learning-based methods are
usually trained on samples composed of partially overlapping images. Non-overlapping images can be used as poison
samples to fool DL models and produce false registrations. Learning-based methods are vulnerable to poisoning attacks.
Poisoning attacks may be a potential application de ciency for learning-based correspondence matching methods.

(2) We propose OEAM to assess learning-based correspondence matching method. OEAM produces the core set
based on outlier elimination to infer low-quality registration and improve performance on high-quality registration.

(3) We implement comparison experiments on registrations of benign samples with partial overlaps and poison
samples without overlap. For registrations of benign samples, OEAM can reliably infer low-quality registrations
and improve performance on high-quality registrations. For registrations of poison samples, OEAM is robust against
poisoning attacks crafted by non-overlapping images.

The rest of this article is organized as follows. Related works are introduced in Section 2. Section 3 provides our
proposed method. The comparison experiments are presented in Section 4. Finally, conclusions are summarized in
Section 5.

2. Related works

2.1. RANSAC-based methods

RANSAC method is typically implemented using a hypothesize-and-test framework [21]. First, it randomly selects
the minimal set (MS) of the input matches and ts the model. Subsequently, the input matches are classi ed into
inliers (i.e., matches that tthe model) and outliers (i.e., matches that cannot t the model) using a tolerance error, and
a consensus set (CS) composed of inliers is produced. The two aforementioned steps are repeated until the selected
MS only contains true inliers.

RANSAC-based methods usually launch contributions in three streams: sampling strategy [18], model veri cation
[19], and termination criterion [20]. In [18], a feature-matching score was used to sample the MS for model tting.
To accelerate model veri cation, Chum and Matas [19] added a preliminary test module to reject a massive model
with limited support. Because the termination criterion of the conventional RANSAC method, which is perturbed by
observation noise, may cause the iterations to terminate before a sound hypothesis is found, mre and Hilton [20]
developed a top-n criterion based on the order statistics of RANSAC to ensure accurate results. In addition, some
studies have attempted to integrate several technologies to improve RANSAC, such as VSAC [22]. RANSAC-based
methods usually take advantage of geometric constraints. However, they may be ine cient in processing excessive
correspondences with a low inlier ratio [27].

2.2. Outlier elimination methods

Outlier elimination is demonstrated to be an e cient technology for data reduction and correspondence matching
in many studies. Cai et al. [23] combined nearest neighbor distance and in uence space to describe the possibility of
outliers. Ren et al. [24] designed a spatial clustering method to eliminate outliers for aerial image registration. Since true
correspondences typically have more similar neighbors than false correspondences, Bian et al. [28] proposed grid-based
motion statistics (GMS) to count the number of similar neighbors for correspondence matching. Ma et al. [25] proposed
locality preserving matching (LPM) to investigate potential true matches using the local neighborhood structures.
In [26], a ne transformation-based local consistency is employed for outlier Itering. Based on the neighborhood
distribution of the feature points, global deformation is estimated to eliminate mismatches in [29]. For two-view
geometry analysis, neighborhood coherence is often used to detect outliers. The outlier elimination-based method is
usually time-e cient. In this study, we attempt to explore the spatial paradox of the matches to assess learning-based
correspondence matching methods.

2.3. Learning-based correspondence matching

In recent years, learning-based approaches have been proposed for correspondence matching. The learning-based
correspondence matching methods can roughly be summarized into two categories: detector-based methods and
detector-free methods. The detector-based correspondence matching methods usually detect local features [30, 31, 32]
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to produce initial matches. Taking the scale-invariant feature transform (SIFT) correspondence [30] composed of two
two-dimensional (2D) points as input, LFGC [11] designed a 12-layer residual network (ResNet) using weight-sharing
perceptron and context normalization for correspondence classi cation. Zhang et al. [12] proposed OANet to infer the
probabilities of SIFT correspondences as inliers and regress the relative pose encoded by an essential matrix. In [33],
the authors designed an attention mechanism-based network with SIFT initial matches for two-view correspondence
matching. In [34], a classical learning method for correspondence matching is designed using weighted support vector
regression with a quadratic insensitive loss. The method uses rotation-invariant shape context descriptor [31] to produce
initial correspondences. Moreover, some studies have designed graph neural networks for correspondence matching,
such as SuperGlue [13] and sparse graph attention network [35]. SuperGlue uses SuperPoint [32] to produce initial
correspondences. Combining ResNet block, edge-sparsi ed graph attention block, and Transformer, Liao et al. [35]
proposed a sparse graph attention network for feature matching tasks. Yang et al. [36] proposed dynamic attention-based
detector and descriptor using derivable loss for image registration. Zhao et al. [37] developed a light-weight network
termed the seed matching and Itering network to obtain su cient high-quality correspondences.

The detector-free methods remove the feature detector phase and directly produce dense descriptors or dense feature
matches. Rocco et al. [38] designed a neighborhood consensus network to directly learn the dense correspondences in
an end-to-end manner. In [14], the self and cross attention layers involved in Transformer are designed to obtain feature
descriptors for correspondence matching. Although learning-based methods sound e cient on experimental datasets,
the experiments in [11, 12] show that DL models may produce mismatches inevitably. In particular, DL models are
trained on partially overlapping image pairs. Since the models are usually data-dependent, non-overlapping images
may be used as poison samples to fool DL models and produce false registrations.

3. Proposed method

Since learning-based correspondence matching methods may produce false registrations, we propose OEAM to
assess the learning-based methods. Our proposed OEAM contains two modules: (1) mismatch elimination, and (I1)
registration assessment. The pipeline is shown in Fig. 2. The procedure of module () is implemented in four steps.
Since the input images may be registered at di erent scales (Fig. 2a), OEAM rst adjusts one of the image sizes so
that the registration images stand at the same scale, as shown in Fig. 2b. Second, OEAM eliminates one-to-many
mismatches. In detail, OEAM downsamples the images to build pyramids. If two correspondences are one-to-many
matches, i.e., they have the same pixel coordinates on a layer of one pyramid but have di erent pixel coordinates
on the corresponding layer of the other pyramid, then there is at least one mismatch. Fig. 2c shows one-to-many
mismatches on di erent layers. Fig. 2d shows matches after one-to-many mismatch elimination. OEAM then detects
globally dissimilar correspondences, as shown in Fig. 2e. For two keypoints of a true match, their local and outer
neighborhoods are both expected to be similar, in which the pixels in the outer neighborhood belong to the ring region
next to the local neighborhood of the keypoint. If the outer neighborhoods of the matched keypoints are dissimilar,
the correspondence is detected as a mismatch. Finally, OEAM detects spatially intersected mismatches. In detail, we
force the keypoints in an image to rotate around the image center until the putative correspondences have a minimum
number of intersections. If one correspondence intersects with multiple others, it is inferred to be a mismatch (Fig.
2f). After eliminating mismatches in the detection module, a correspondence core set is obtained, as shown in Fig.
2g. Module (11) is implemented in two streams. If the cardinality of the resulting core set is su ciently small, the
input registration is inferred to be of low quality (Fig. 2j(1)). Otherwise, it is considered to be of high quality. For
accepted registration, we rst use the resulting core correspondences to t a geometry model, as shown in Fig. 2h.
Subsequently, the initial correspondences are classi ed into inliers and outliers using the model and a tolerance error,
and a CS consisting of inliers is produced (Fig. 2i). Then, the output correspondences are the intersection of the CS and
putative correspondence set (Fig. 2j(2)), and the output registration model is tted using the output correspondences
(Fig. 2j(3)). Fig. 2j shows the output of OEAM.

3.1. Mismatch detection
3.1.1. One-to-many mismatch detection

Let 15 and 1, be two images for registration. A = "aj;a, 5;ay “ is the set of initial matches between 1, and
I3, where a; = .x;; X/ is the i-th match, x; = .u%;v%/ _ 1y is the keypoint in Iy, and X} = .ul;vi/ | 1y is the
keypoint in 1. Let the putative correspondence produced by learning-based method be M = "cq;¢y; 550 A,
where ¢; = .z;; g;/ is the i-th match of M, z; = .x?;y?/ . lgisthe keypointin Iy, g; = .xil;yill . I isthe keypoint in
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Fig. 2: The owchart of our proposed OEAM.

1,. Before mismatch detection, the scale of 1, is adjusted using the K correspondences in M so that 1, and 1, are at
the same scale. The scale s is estimated in Eq. (1).

g1 g €
il =it
Tkpi g €

i=1 j=i+l

1x 172 112
X xj/+.yi yj/

@)

0 » 072 0 = ,0/2
X xJ./+.yi yj/

Then, correspondences after scale adjustment are shown as M = "my;m,; 5;my “, where m; = .p;; g/, pj = Sz; =
sxY;syY/.
dra<1

Let the matches pyramid of M be = — My, where M = Am&;mk; 5;mk <, mk = .p;_2K;q;_2"/. Fig. 3
shows the two pyramids on M. The lines in Fig. 3 show mismatches between the pyramids. They have the same pixel
coordinates on a certain layer of one pyramids, but have di erent pixel coordinates on the corresponding layer of the
other pyramid. Let S; = *m; . M [p_2<]* [p;_2K] > 1;[;_2"] = [q;_2K]*, S, = *m; . M [p;_2"] =
2 [0_2<1*[0;_2<1 >1%§j = 1,2,5;K, k = 0;1;5;dy * 1, [x] is the least-integer function of x.
Then, m; is detected as a one-to-many mismatch if there exist j and k so that m; _ S, as shown in Eq. (2).

—

S=S;, S, (2

3.1.2. Dissimilar mismatch detection

Let the resulting correspondences after one-to-many mismatch elimination be My = M * S, as shown in Fig.
2d. Generally, the local and outer neighborhoods of the two keypoints of a correspondence are both expected to be
similar. However, My may contain mismatches involving dissimilar features in the outer neighborhood.

Let m = .Pg; P41/ be a correspondence in My. Fig. 4 shows similarity-based mismatch detection. In Fig. 4, the
outer neighborhoods of Py and P, are denoted as O.Py/ and O.P;/, respectively. The white regions in Fig. 4 show
local neighborhoods. The colored areas show outer neighborhoods, which are divided into three ring regions dyed in
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— Mismatch

Fig. 3: One-to-many mismatch detection based on multi-scale.

di erent colors. If m is a true match, then there exists at least one ring region of Py that is similar to one of Py, i.e.,
O.Py/ and O.P,/ are similar to a certain extent.
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Fig. 4: Schematic diagram of mismatch detection based on the similarity of the outer neighborhoods.

To assess the similarity of O.P,/ and O.P;/, we build features in the outer neighborhoods. First, the outer
neighborhoods are discretely sampled in n directions, and we obtain pixel segments, asshown I; ands; .j = 1;2; 5;3n/
in Fig. 4. Let d; be the average deviation produced by the pixels on I; and Py, as shown in Eq. (3).

o=t
! LS k=1

-Ojk * go/%; ©)

where g, is the gray level of Py, g;y is the gray level of the k-th pixel on Ij, L is the number of pixels on [;. Then,
features of the three ring regions of Py are built as D; = .d j«1/p+1; d jx1n+2; B din/, 1 = 1;2; 3. Similarly, we have dj?
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ons;j, as shown in Eq. (4).

Ls

_1 2.
d—L— gk*gll, (4)

S k=1

where g, is the gray level of P4, g“k is the gray level of the k-th pixel on's;. Take the rotation into account, the features of
O.P,/ are built in n directions, i.e., SK = .d" '5:d° .d° 5;d" /,i=1;23,k=1;2,5;n.

i*1/n+k’ A*1/n+n’ Tli*1/n+1’ A*1/n+k*1"

The Euclidean distance of the outer neighborhoods O.P,/ and O.P;/ is evaluated in Eq. (5), and the Chebyshev
distance is evaluated in Eq. (6).

d, = rmr(\ &D; * S|y (5)

d =minaD; *Ske : (6)
HHS 1
To o er immunity to light change, the match m is detected as a mismatch if both the d, and d are su ciently large.
As shown in Eq. (7), the match m _ M, is discriminated as a mismatch.

M, ="mm _ My;d, >Tg;d _d, >Tg"; (7)
where T, and T are two thresholds.

3.1.3. Intersected mismatch detection

Without loss of generality, let 1, and 1, be the left and right images for registration, respectively. If the translation
is the only pose change between 1, and I, true matches between the two images are approximately parallel and
do not intersect each other. In this case, if a match intersects with multiple other matches, it may be a mismatch.
However, rotation is practically inevitable for intersected mismatch detection. To this end, we rst force the keypoints
in 1, to rotate around the center of the image until the correspondences after rotation have the minimum number
of intersections. Second, we count the intersection number for each correspondence. For a given threshold Tj, if a
correspondence has a number of intersections that is greater than T, it is inferred to be a mismatch.

Let the matches after dissimilar detection be My, = My * M, = *my;m,; 5;m__“. Let the width and height of
the left image 1, be W and H, respectively Then, the center coordinate of 1 is O = .X,; Y,/ = .[W_2];[H_2)/. If
the coordinate of p; = sx0 syI/ is rotated counterclockwise around the scaled coordinate of O by k , its rotated
coordinate p; = .X;; Y,/ is shown in Eq. (8).

T
X; =SX,+rcos. g+k /

_ . ; ©))
Yi =Sy, +rsin. g+k /
T
wherer= 2+ 2, =8 * X/, =8y *y/ik=0;1;5; _ ; isthestepwidth of the rotation; g
is determined in Eq. (9).
T

)= arctan. y_ ,/; x990 ©)

+arctan. _ ,/ x<0
Let the matches of My, after rotation be My, = “my;my; 5;m_*, where m; = .p;;q;/. In order to obtain the

rotation angle so that the putative correspondences have the minimum number of intersections, it is necessary to judge
the intersection between the matches m; and m; . First, the line equation I; of m; is shown in Eq. (10).

y = kix +b;; (10)

where ki = .yl *yi/_.xt +SW *x/,b; = y; * kix;. Let m; = .pj; 05/, pj = .Xj; ¥4/, 0 = x1 y1/ Similarly, the line
equation I; of m; is shown in Eq. (11).

y =Kjx +b;; (12)
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where k; = i Yi /_xt+sW * X/, bj =y; * Kjx;. If I; and |; are intersected, the two ends of |; are respectively
located at the two sides of 1;, meanwhile, the two ends of I; are respectively located at the two sides of I;, i.e.,
T

Vi *Kixg + sW /> bl.y; * kixj *bi/ <0 12)

yil' * kJXiL +sW/* bj/yl * iji * bj/ <0

After the scaled image 1 is rotated to an optimal degree, the intersected mismatch set M¢ can be detected using

Egs. (8)-(12). The intersected mismatch detection method is shown in Algorithm 1. Algorithm 1 rst obtains an optimal

rotation parameter k, with the minimum number of intersections, and then it explores intersected mismatches using
the resulting k.

Algorithm 1 Intersected mismatch detection method.

Input: The width W and height H of image 1, matches set My, and parameters  and T,
Output: Intersected mismatch set M¢

1: Initialization: Rotation parameter k, = 0, intersection number n, = 108, My, = , Mg =
2: Obtain the center of 15: .X,; Y/ = .[W _2]; [H_2])/

3 fork=0;1;5; _ do //Rotate the keypoints in scaled I, around the center of it
4 ng =0

5: fori=1:Ldo //Form; = .p;;qi/ . Mge

6: Obtain the rotation coordinate p; using Eq. (8)

7: Obtain the line equation I; using Eg. (10)

8: fory=1:L,j ido

9: Obtain p; using Eq. (8)

10: Obtain I; using Eq. (11)

11: if I; and I; satisfy Eq. (12) then

12: ng =ng +1 // Count intersections on My,

13: end if

14: end for

15: end for

16: if ng <n; then // Update the optimal rotation angle k,

17: Update n; and ky: n, = ng, kg = k

18: end if

19: end for

20: fori=1:Ldo //Runoverthe matches set My, to obtain the rotated keypoint coordinates in scaled I,
21 Obtain m; = .p;; g;/ using k = kg and Eq. (8)

22: Mde = Mde Ami‘

23: end for

24: fori=1:Ldo

25: forj=1:L,j ido

26: if m; and m; satisfy Eq. (12) for k = ko then  //1; and I; are intersected
27 N; = N;+1 // Count the intersection number of the i-th match
28: end if

29: end for
30: if N; > T3 then

3L M¢ = Mg "m;* // m; is a mismatch
32: end if
33: end for

3.2. Registration assessment
After applying Algorithm 1 on Mg, the scaled core set M, = Mg, ™ Mg = "my ;my ;S imy “ is obtained.
Correspondingly, let M, = "¢ ;cy,; 5ice, © be the resulting core set, as shown in Fig. 2g. The registration
m
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assessment of OEAM involves two tasks. One is to reject low-quality registrations. The other is to improve performance
on accepted registrations.

Usually, a registration in low quality implies a high proportion of mismatches. If the size of the core set obtained
by OEAM is relatively small, the quality of its input registration is hardly high. In this study, if the number of matches
in the core set is less than a given threshold Ty, i.e., N, < Ty, the input registration is inferred to be of low quality.
Otherwise, OEAM accepts the registration to be of high quality and improves performance on the accepted registration.
In detail, the matches in the core setare rstusedto ta registration model F. Second, ifa; , Asatis es Eq. (13) with
a given Sampson distance g, which provides a rst-order approximation of the reprojection error [39], a; is inferred
to be an inlier related to F.

i f g (13)
2 2 2 2 - S
FXif+ Fxils + FTxql + FTX/3
where x; and x; are homogeneous coordinates of x; and x; with respect to a; = .x;;x;/ ., A, i = 1,2,5;N,

respectively; .F x;/, and .F x;/, are the rstand second elements of F x;, respectively; .F T X/, and .F Tx‘i‘lz are similar
notations. Let B be the inlier set inferred by Eq. (13). Then, the output matches are the intersection of B and input
correspondences M, i.e., M, = B & M. Finally, the output registration model F, is the tting model of M,. The
registration assessment is shown in Algorithm 2, which mainly contains two modules, i.e., assessments on low-quality
registrations and performance improvements on high-quality registrations.

Algorithm 2 Registration assessment method.

Input: Core set M, initial correspondence set A, putative correspondence set M, and parameters Ty and *'g
Output: Correspondence set M, and registration model F,
1: if Card.M./ < Ty then
2: The input registration is in low quality
3: end if
4: if Card.M./ g Ty then
5 Fitting a model F using M,
6 Obtain the inlier set B using Eq. (13) fed by A and *'g
7: M,=B&aM
8 Fitting the output model F, using M,
9: end if

4. Experiments

In this section, we implement OEAM on four deep learning-based methods, i.e., LFGC [11], OANet [12],
SuperGlue [13], and LoFTR [14], to implement assessment experiments. To show the advantage of our proposed
method, RANSAC [40], VSAC [22], GMS [28], and LPM [25] are employed as benchmarks for comparison. The
experiments were run on a computer with an Intel Core i-3 4160 CPU and a GeForce GTX 1080 GPU. The deep
learning-based experiments were implemented in TensorFlow-GPU-1.12.0 and Pytorchl1.1. Our method was compiled
using Microsoft Visual Studio 2015 Ultimate Edition (VS2015) equipped with the CUDA toolkit 8.0.

4.1. Experiment settings
4.1.1. Datasets and metrics

We conduct experiments on outdoor YFCC100M [17] and indoor SUN3D [41] datasets. Yahoo’s YFCC100M
dataset contains 100 million images from the internet. The authors generated 72 three-dimensional reconstructions of
tourist landmarks from a subset of the dataset. Following [12], four sequences, including buckingham, notre, reichstag,
and sacre coeur, are used as unknown scenes to test generalization ability. Every sequence contains 1000 image pairs
for testing. The SUN3D dataset is used to test image pairs for indoor scenes, which is an RGBD video dataset with
camera poses computed by generalized bundle adjustment. Following [12], 15 sequences are used as unknown scenes
for testing. The test image pairs on SUN3D have a total of 14872.
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We use the provided rotation and translation to estimate the ground truth pose. After the coordinates of the putative
correspondences are normalized, the Sampson distance is set to 10™3 to select ground truth inliers based on the
implementation presented in OANet [12]. We use the recall, precision, and area under the curve (AUC) as the evaluation
metrics. Recall is the ratio of the number of true inliers identi ed to the total number of true inliers in the putative set.
Precision is the ratio of the number of true inliers identi ed to the number of detected inliers. Following [11], the AUC
is approximated by mAP. In detail, we obtain the predicted rotation and translation using the estimated pose model.
The pose error is the maximum of the angular errors in rotation and translation, and the angular error is induced by the
similarity between the estimated and ground truth vectors. We report the mAP using thresholds 5 , 10 , and 20 .

4.1.2. Experiment details

The comparison experiments are implemented on registrations of partially overlapping images in Section 4.2
and non-overlapping images in Section 4.3. The registration experiments of overlapping images are implemented on
outdoor and indoor datasets. We use the image pairs proposed in [12] to implement the registrations of overlapping
images. The registration experiments of non-overlapping images are implemented on the outdoor dataset YFCC100M.
As aforementioned, Xp; X;; X, and Xj are the subsets of buckingham, notre, reichstag, and sacre coeur, respectively.
Let p'i‘ = .Iikl; Iik2/ be the i-th overlapping image pair for registration in X, k = 0;1;2;3,i = 1;2;5,1000.
Py = "p'l‘; p'?f; 5,; pll(OOO‘ is the list of 2000 overlapping image pairs of X,. The i-th pair of non-overlapping images is
designed between X, and X,, and it is shown by g = .1X; 1]/, where k = 0;1;2;3,1 _ 70;1;2;3“and | .k + 1/
mod 4, i.e., I and k + 1 have the same remainder modulo 4. The non-overlapping image pairs between X, and X, are
shown by Qi = "gX; qk!; 5,9/ ,“. As a result, we constructed 4000 non-overlapping image pairs on YFCC100M
for experiments.

For the baselines, LFGC, OANet, and SuperGlue are detector-based methods. LFGC is structured by 12 ResNet
layers, where each layer is a PointCN ResNet block that contains two sequential blocks consisting of a perceptron, a
context normalization layer, a batch normalization layer, and a ReLU. OANet is mainly composed of 18 sequential
blocks, i.e., 6 PointCN ResNet blocks, 6 order-aware Itering blocks, and 6 PointCN ResNet blocks. Each order-aware
block is composed of a spatial correlation layer inserted in the middle of the PointCN ResNet block. SuperGlue is made
up of two major components: an attentional graph neural network and an optimal matching layer. As for LOFTR, it is
a detector-free method. LoFTR mainly consists of four modules: local feature convolutional architecture, coarse-level
local feature Transform, matching module, and coarse-to- ne module. For the experiments on LFGC and OANet, the
SIFT method is employed to produce 2,000 initial correspondences. The feature-matching threshold for SIFT, de ned
as the ratio of the distances between the best and second-best matches, was set to 1.0. For SuperGlue, SuperPoint [32] is
employed to produce initial correspondences. The con dence threshold for SuperPoint is set to 0.2. As a detector-free
method, LoFTR does not explore inliers from initial correspondences. Since the initial ground truth inliers are not
provided for LOFTR, the recall of LoFTR is unavailable. In this study, we use the produced inliers and ground truth
model to produce precision and mAP for evaluation. The results of LoFTR are reported with a maximum limitation of
1,000 output matches [14].

In this study, RANSAC, VSAC, GMS, and LPM were employed as benchmarks for comparison, where RANSAC
and VSAC are RANSAC-based correspondence matching methods; GMS and LPM are outlier elimination-based
methods. For the epipolar geometry model involved in RANSAC and VSAC, the essential matrix was employed to
investigate inliers. In detail, a ve-point algorithm was used for model tting. Together with camera intrinsic parame-
ters, the Sampson distance 2 was delivered to RANSAC and VVSAC for correspondence coordinate normalization and
inlier selection. The maximum number of iterations for RANSAC was set to 10%. The experiments on VSAC, GMS,
and LPM were carried out using default parameters except for the termination length used in VSAC, which was set
to 1 in this study. All the models used for pose estimation were reestimated using the resulting inliers. For RANSAC,
GMS, and OEAM, the resulting inliers were used to t a fundamental matrix model. Their precisions were calculated
using the inliers Itered by the tting model with the Sampson 