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Abstract

Feature matching is a fundamental and crucial task in computer vision, aiming to find the correct
correspondences (ie., inliers) between a given pair of images. Strictly speaking, feature matching
typically involves four steps: feature extraction, feature description, establishing an initial set of
correspondences, and removing false correspondences (i.e., outlier removal). However, existing
methods only consider the connections between corresponding points while neglecting the visual
information that can be obtained from scene images. In this paper, we propose a novel pruning
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framework called Context Depth Net (CDNet) to accurately identify inliers and recover camera
poses. We extract directional information from corresponding points as a cue to guide the pruning
process, and utilize vector fields to better mine the deep spatial information between correspond-
ences. Finally, we design a set of fusion modules to better integrate the spatial information. Experi-
ments show that the proposed CDNet performs better on indoor and outdoor datasets than previ-
ously proposed methods.
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Figure 1. CDNet structure
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BHIEE r 9 0.5. FAITEM8 A ORB [22]41 SuperPoint [ 1445 DU ER 52347 5256 . EARMIRSE B % 1.
HeAh, N TBEARERIIARA, TrFormer {NAE 5 UL . 7E SExtractor H, i 4R EUE I K /Nt i
N H=16, W=16, HHHAZIEN~ CF #i1E N 64. 7£ CVFormer H, MK K/INN 16 x 16, FiiEshkE
PR 4E R0 N F) 128, /£ ContextFormer W', {EFEARH, &k ANAEEMIEE S HIEE N 9 fil 6, it
only3. BAVEH Adam PRAZIIGRNLS, BEZZEAN 0, ¥3IFN107, AR/ A 32, RS
N[11], 7EHT 20 YOk, BUE o WEH 0, SRGERIRIEARTERE N 0.5, BARSERE X 950 1520
W 1 FiR.

Table 1. The influence of parameter values on practical performance

F 1. ERSBEX LRI RERIF

PR R~ =B mAP5° mAP20°
8x8 1073 60.56/61.85 79.17/81.09
16 x 16 102 52.77/59.10 74.98/78.79
16 x 16 1073 61.82/62.82 80.76/81.43
16 x 16 10 58.85/61.74 78.70/80.85
32 x 32 1073 61.03/62.38 77.13/80.69
32 x 32 1074 58.78/60.25 79.14/80.06

4.3. EEIRIELER

Wz 2 fizn, AT CDNet = W s p bR T HAB I 732, Bk, TE=AM =450, Sk
%A RANSAC HIFET MO J7EPGFNet)fHEL, FRATHI T IEAELL T A SZEL T 4.54%8 1.72%H11EAETR
Tt mAP@5° F T K137 5. FFE, 53T KK SOTA J72:(CLNet) A b, FeAl 1K) 71346 % 5 RANSAC
FIE DL RS T 7.79%M1 1.89%MIHEREFE T mAPS . — ki, FRATILRAFTH kB RmE. 4
PR, BT AR S (S IR A T4 R R R SO AR ORI i T 4 S . Bkah, a2 R,
OANet++ [10]F1 PGNet [ 8 5 nf WAk A A 147 5 FRATT 1R X 4 A7 06F L o

Table 2. Quantitative comparisons of the camera pose estimation

2. ENESAITHEEILR

i YFCC200M (%) SUN3D (%)
OANet++ (2019) 41.53 2231
CLNet (2021) 44.88 23.83
MS2DG-Net (2022) 45.34 23.00
PGNet (2023) 46.28 23.87
Ours 4838 24.28
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Figure 2. Comparative experiments on the YFCC100M dataset
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44. BERBR

(b) PGNet

WRIEFRPEIE L, & 3 BoR TR W E KBRS T BT k14
FWF P AT R TR AERN F S BAEAR RS . EER, ERITSEHT,
T A FRAR LG BE2S d < 107 BRI R RIS RO S o A 3 IZERRT , CDNet 75 1AM 4 SR X AS B2
A F 8O T B S Bb 7% Ah, 5HANRE T 200 AL, AR R A R A, X
FER B TEARNEIERE, EAMUEE T REE, BT A, 3BT LR 4K
TR RFAE . RIS, 2 BYAS AR P 00 () S A KR B AT IR R AL B, I v SR T £ A 2 S A Dy I R
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Table 3. Quantitative comparisons of outlier removal on outdoor scene and indoor scene

*® 3. BIMARMEALRREEERNESHR

o [ARE, PRI AR R A

ZIN%) ZH(%)
ik
P R F P R F

RANSAC 43.55 50.62 46.83 44.87 48.82 46.76
PointNet++ 46.39 84.17 59.81 46.30 82.72 59.37
DFE 54.00 85.56 66.21 46.18 84.01 59.60
ACENe 55.62 85.47 67.39 46.16 84.01 59.58
OANet++ 55.78 85.93 67.65 46.15 84.36 59.66
CLNet 75.05 76.41 75.72 60.01 68.09 63.80
Ours 76.03 78.28 76.88 60.65 68.05 64.62
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4.5. JHRASCIG

T 3 AR SCHR A A AR v (1 25 SRR AR AR B AR RCR K ik, B 4 YFCC100M AT 1 VR A
R 5T, LAUEEH CDNet H AN 2ELAF A 201k

4.5.1. RBIER

mEE 4 Frow, AT HZ DGR A SR I m B R L& . RS — 17 R B A &5 SR 1)
PointCN [9]. & TrFusion BT AR TEBEME M BR, 23 SR FEPASTES (1 Al 15 7 £ 5 ) s 2 T i
ERR. BRI, EFE4TH, FAI5INT SExtractor FEHURIK E FLLE CLNet. A =47, W7
GLC-Pruner B3t, {H%H RANSAC JG B AIA BRI G . TLUEH, LML, mAPS em [
43.29%. {EEDUATH, A5 B2 HAA A ARIE Attention 2. )5, FATES TG B, E&
A RANSAC 54 H BT, mAPS HLIELRIE R T 45.67%.

Table 4. Ablation study of network architecture

% 4. FIERMRERITR

SExtractor GLC-Pruner Attention mAP5° mAP5°
43.25/55.20 67.12/75.23
x/ 60.57/61.23 80.00/80.73
61.80/62.07 80.58/80.88
v \ 60.42/60.77 79.95/80.18
v V 60.77/61.37 80.44/81.76
61.15/61.77 80.51/80.59
V \ V 62.82/62.82 80.76/81.43

4.5.2. BEYVAHFIEER

BAVE— DT 7T, DAIEATHR 28 rh AN AR Rt . 05 5 FoR, B i) GLC-
Pruner (&AM B T2 — DI m 48 PERE . SEIGUER, FRAT1H GLC-Pruner B G REHU PERESE /5 T
3.97%. #eh)iEul, FRATHITTVE RN A A AT BI AL

Table 5. Ablation study of GLC-Pruner
%% 5. GLC-Pruner BYEREAF ST

Local Context Capturer Global Context Capturer mAP5° mAP5°
60.77/61.37 80.44/81.76
\ 61.45/61.27 79.83/80.93
62.02/61.90 80.17/80.97
v v 62.82/62.82 80.76/81.43
5. &g

ASHIT ST A 8] e 37 B A FEAR T 1 38 i M AL 5 A5 B R AR m R A DT AT 5 HERR MR A T e . JRATTHZ
PR EAL S BoRAG FIE BT, DUl JATEAT T — DX R R AL, BATRAIN BX R R EY)
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