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Large-scale point cloud place recognition method based on attention

mechanism and rotation invariant features

Hao Wen"*, Lyu Yan', Jin Haiyan'?, Shi Zhenghao'"
1. Department of Computer Science, Xi’ an University of Technology, Xi’an 710048, China;
2. Shaanxi Key Laboratory for Network Computing and Security Technology, Xi’an 710048, China

Abstract: Objective Point cloud-based place recognition involves identifying and matching a specific location within a pre-
built map by comparing global descriptors generated from a scene. This process is crucial for robot localization and autono-

mous navigation, wherein real-time point clouds are continuously scanned. For example, autonomous vehicles and robots
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rely on robust place recognition to navigate safely and efficiently, ensuring that they can recognize and reidentify locations
within a scene. The primary goal of place recognition is to enable a system to determine accurately whether it has previously
encountered a location. This ability is essential for certain tasks, such as loop closure in simultaneous localization and map-
ping and re-localization in dynamic environments. Place recognition methods can be categorized into two approaches in
accordance with data type: image-based and LiDAR-based methods. Image-based methods have achieved promising results
by using 2D images in the place recognition task. However, the performance of image-based methods is easily degraded in
real-world environments due to illumination changes and viewpoint variation. Point clouds can be captured easily by 3D
sensors, and they provide high-precision geometry information of objects. Hence, misleading caused by lighting change
and viewpoint variation can be avoided to a certain extent. Although many methods have been proposed for 3D place recog-
nition, these methods typically perform well in prescribed travel routes. However, a significant challenge that is frequently
overlooked is the effect of data rotation. In real-world scenarios, vehicles do not travel on fixed routes. When a vehicle
deviates from a prescribed route in the same place, the acquired point clouds are rotated relative to the submaps. Existing
location recognition methods for large-scale point clouds often ignore the rotation problem in real driving. When a query
scene is rotated, the recognition performance of these methods degrades significantly, seriously hindering their application
in complex real-world scenarios. Method In this study, we propose an efficient rotation-aware network for point cloud-
based place recognition (ERA-Net) for point cloud-based place recognition that leverages semantic and geometric features
to achieve better discriminative ability. ERA-Net employs an attention mechanism that thoroughly considers global depen-
dencies among points and local correlations between a point and its neighboring points to extract semantic features. In addi-
tion, it utilizes the coordinate information of a point and its k-nearest neighbors to derive low-dimensional geometric fea-
tures that exhibit rotational invariance, such as distance, angle, and angular difference. By calculating the associations of
these features in high-dimensional space, ERA-Net extracts geometric characteristics that demonstrate strong uniqueness
and rotational invariance. First, global dependencies among points are captured using a self-attention mechanism, while
local dependencies between each point and its k-nearest neighbor points are modeled through neighboring attention mecha-
nisms. These mechanisms ensure the comprehensive extraction of attention features among points. The self-attention
mechanism computes self-coefficients by considering the geometric properties of individual points, while the neighboring
attention mechanism focuses on local coefficients by considering the neighborhood structure. Simultaneously, several low-
dimensional geometric features are calculated using the coordinates of points. The sampled points, their local center of
mass, and k-nearest neighbors form a stable local triangular structure. Low-dimensional geometric features, such as dis-
tances, angles, and angular differences, are calculated. These geometric features remain invariant to point cloud rota-
tions. Subsequently, a novel feature distance-based attention pooling module is designed to extract geometric features with
high discrimination and rotational invariance by analyzing correlations among features in high-dimensional space. Feature
distance measures the similarity among different points in high-dimensional feature space. Points may be geometrically dis-
tant from one another in terms of their spatial positions. However, they can share similar features semantically. The feature
distance-based pooling method captures the relationships among these geometrically distant but semantically similar points.
It can also effectively distinguish points with similar spatial coordinates but considerable semantic differences. Finally, the
extracted semantic and geometric features are fused through the NetVLAD module, generating more discriminative global
descriptors for point clouds. Result The proposed ERA-Net is validated on the public dataset Oxford Robotcar and com-
pared with state-of-the-art (SOTA) methods. In the Oxford Robotcar dataset, the average recall (AR) @1% of ERA-Net
reaches 96. 48% and the AR@1 reaches 90. 47%. ERA-Net outperforms other SOTA methods on the U. S. (university
sector) , R. A. (residential area), and B. D. (business district) datasets. We select three representative queries of the
Oxford dataset to verify the retrieval capability of ERA-Net. Although the scene contains structurally unstable trees, slen-
der poles, or a large number of planar points, ERA-Net can retrieve the correct place. In particular, ERA-Net outperforms
existing methods in terms of recognition when the query scene is rotated. The recognition performance of most existing
methods decreases significantly when the query scene is rotated. The results of AR@1% and AR@1 of ERA-Net and other
SOTA methods under different rotation angles are tested separately. The tested rotation angles include 30°, 60°, 90°,

120°, 150°, and 180°, and these angles represent the maximum rotation range. The query point cloud is randomly rotated
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from 0° to the maximum rotation angle. The performance of ERA-Net is better than those of the other methods when the rota-
tion angle of the query scene is increasing. The experimental results show that ERA-Net can still extract features with
strong uniqueness and rotation invariance from the scene and correctly retrieve the corresponding scene even when facing
the rotation of point cloud data. Conclusion In this study, we propose a rotation-aware place recognition network, i. e. ,
ERA-Net, which leverages semantic and geometric features. The experimental results show that the recognition perfor-
mance of ERA-Net is better than those of SOTA methods. ERA-Net performs significantly better than other methods on the
three in-house datasets. For AR@1%, ERA-Net reaches 91. 04%, 87.37%, and 87. 12% on the U.S. , R. A. , and B. D.
datasets, respectively. Simultaneously, ERA-Net achieves better results in the rotation test. The extraction of low-
dimensional geometric features can better improve the recognition effect of ERA-Net. The attention pooling module based
on feature distance can capture the relationship among distant but semantically similar points and effectively distinguish
points with similar coordinates but considerable semantic differences. ERA-Net can extract scene features with strong

uniqueness by fully considering the contextual information among points and the correlation among features. It exhibits
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good robustness and strong generalization ability when facing the rotation problem.

Key words: scene point clouds; place recognition; rotation-aware; attention mechanism; feature distance
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Fig. 4 The diagram of low-dimensional rotation-invariant geometric features
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Fig. 5 The structure of the feature distance calculation module

CH"{IEEEFE%

%ﬁﬁﬁé’?
(exp)

oo 4

softmax

© iz

() wue OE

Bl 6 FHTHEAF G B 0970 2 ) AR e 2 4y
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17UN%k , 75 Oxford ML EHE 4, U. S. ,R. A. FIB. D.
B ATV . A W SE SR 4 7E NVIDIA RTX
2080Ti GPU _E AT YIZR AL, AR SCH ERA-Net JI|
25 20 /|~ epoch, batchsize ¥ & A 1, ¥ If %= 2 R
0. 000 5, 7ERFIE 4 U He vy A SSUECH 4 096, KNN
Bk k% E R 20, NetVLAD 3R 25 rhu A ik &
MK = 64, i 20 4 Jn 108 AT ] 00 4E B0 R
h 256,

5 Uy Ml Lee (2018) . Hui % A (2022) |, Xia % A
(2021) Y PEANFE AR AR TR, A% SCt R AT 173254 0]
& (average recall @1, AR@1) FIHj 1% “F 3 4 7] F
(average recall @1%, AR@1%) , F LA A% M 5 4251
W28 B UERATE . A3 ] 3R R B A RIS 7 ~J ek
W) — AN SCHEME RE TR B, A7 1 A5 L L A U A 2R Y
HE T, BB (E R 0 TE 2R A A IR 2R A Y
Ll
3.2 SKIGZERXTLE

¥ ERA-Net 5 41 Jo i (9 7 15 (SOTA) #E 47 L
# , A 4% PointNetVLAD (Uy F1 Lee, 2018) . PCAN
(Zhang #1 Xiao,2019) ,LPD-Net (Liu %5, 2019) , Min-
kLoc3D (Komorowski, 2021) .SOE-Net(Xia %% ,2021) .
EPC-Net (Hui % , 2022) . RPR-Net (Fan %5 , 2022) |

HiTPR-F8 (Hou 4% , 2022) . Retriever ( Wiesmann 2% ,
2022 ) #1 HiBi-Net(Shu 1 Kwon ,2024) .

1 JE/R T ERA-Net 5 HiAth 7 27 4 4~ R MERL
PE4E I AR@1% FIAR@1, HiH, MinkLoe3D 7E )|
kB, %t A BE #EATRENLT- RS 3 A R
PelE, BEPE MBI AL R PERE . MinkLoc3D" | %
AN AE YN G ash B b S T 4R AR 3 5 Y A [l R 5 51
ERA-Net 7F Oxford £ 45 48 th i S50 45 AR T 178K
P 184 58 ) MinkLoce3D o {H 2N e St B, &
BB R B, ERA-Net 7E AR@1% 5 AR@1 P>
T8 45 P 5 T MinkLoc3D™, 5236 45 HE W], ERA-
Net 75 3 4~ B 4 1 M Be BH A F i 5 v .
Xt FFE 48 AR@1%, ERA-Net 7E U. S. \R. A. 1 B. D.
BARAE 913551 96. 97% .94. 69% F191. 28%

X THehR AR@1, 76 U. S. $0di4E 1, ERA-Net Lt
HiBi-Net i 3.23%, £ R. A. %4l # , ERA-Net b
HiBi-Net 5 1. 61%, 7£ B. D. B4 h , H SOE-Net i
H13.79%, %] ERA-Net REf5A S0 A 1 HA
S A R AR AT X TR M A A B iz Ak
e S . B4, W 7 /R T ERA-Net, PN_VLAD,
PCAN ., SOE-Net,EPC-Net 75 4 N 5di 4 LT 25 6%
g H Rk . T LLE ), #E Oxford \ U. S,

F1 OxfordHiE&E L AR MZH AR@1% F1 AR@1 ELE
Table 1 Comparison of AR@1% and AR@1 of different networks on the Oxford dataset

1%

Oxford US. RA. B.D.
Tk

AR@1% AR@1 AR@1% AR@1 AR@1% AR@I AR@1% AR@1
PN_VLAD 81.01 62.76 77.82 63.01 69.75 56.18 65.30 57.21
PCAN 83.90 69.05 79.13 62.49 71.15 56.99 66.90 58.14
LPD-Net 94.53 85.62 95.93 85.68 90.72 83.39 87.50 80.89
MinkLoc3D 97.90 93.70 95.00 86.00 91.20 81.10 88.50 82.60
MinkLoc3D" 95.90 88.20 93.60 83.20 86.00 74.70 82.20 74.00
SOE-Net 96.40 89.37 93.17 82.46 91.47 82.92 88.45 83.33
EPC-Net 95.20 86.86 95.42 86.33 88.10 79.18 84.24 77.79
RPR-Net 92.20 81.00 94.50 83.20 91.30 83.30 86.40 80.40
HiTPR-F8 94.64 87.77 94.01 86.00 89.11 81.32 88.31 81.80
HiBi-Net - 87.46 - 87.81 - 85.76 - 83.03
Retriever 91.93 - 91.88 - 87.44 - 85.53 -
ERA-Net(43) 96.48 90.47 96.97 91.04 94.69 87.37 91.28 87.12
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Fig. 7  Average recall @25 of different methods on the Oxford RobotCar, U.S. , R. A.
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Table 2

F2 Oxford HIBEEARRFEREMAER

Rotation performance on the Oxford dataset for different methods

/%

. e 30° JiE%% 60° TE#% 90° JiEF 120° JiEF% 150° HERE 180°

i AR@1% AR@l AR@1% AR@l1 AR@1% AR@l AR@1% AR@l AR@I% AR@l AR@1% AR@I
PN_VLAD 5893 3799  40.04 2443 3175 1948 3301 20.02 29.80 18.00 2834  17.03
PCAN 58.80 39.28 3802 23.06 2795 1608 32.83 1955 2868 1677 27.10 15.57
MinkLoc3D 7237 5454 60.62 4231 5389  36.03 5036 32.69 48.14 3079 4632 288l
EPC-Net 92.16 8079 7939 6275 6886 5129 6048 4311 5580 3866 5239  35.18
ERINet 9531 8530 8209 6491 7096 5231 71.66 5430 66.55 4873 6434  46.29
LPS-Net 9570 88.56 8723 7481 7532  60.14 6596 5034  60.46 4431  56.69  40.68
ERA-Net [-RI]  76.63 60.58 5924  43.11 4726 3256 4078 27.28 37.04 2489 3415 2233
ERA-Net(A3) 9523 87.13  90.66 78.46 82.89 68.05 74.64 5874 69.63 5331 6596 49.51
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Fig. 8 Retrival results of ERA-Net on the Oxford dataset( (a)query point cloud; (b)top1; (c)top2; (d)top3)
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$54rH  ERA-Net[ -RIT] [t ERA-Net{i% 17. 43%. SZ5
53R, ERA-Net HEL A7 Jig i AN A8 P i (IR 4 ¢ 1E
REMS A b3 2R A TR i LA {5 2, SR O A i
AR A R R B KT T ERA-Net 1937 5

PUITERE -

2) R AT RE IR B 09 T 2 1 AL ERA-
Net[ -FDAP] . #f ERA-Net H1 3 F R AF 5 25 1 78 3
13 Ak B B 25 B, 7E Oxford 288 4 o AR@1% [
ERA-Net [# 1% 0. 36%, £ AR@1 #5 #5 ' , ERA-Net
[-FDAP] [t ERA-Net [£1X 1. 03%. A LAFE i, FR1E
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Table 3 ERA-Net ablation experiments of different

modules on the Oxford dataset
1%

. Oxford
NSNS
AR@1% AR@1
ERA-Net [-RI] 85.35 73.04
ERA-Net [-FDAP] 96.12 89.44
ERA-Net 96.48 90.47
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Table 4 Comparison results of the parameters,
GPU memory required and runtime per frame for

different networks

ViRiS ZHIM  GPU BAF/G

FEWTHS AT ] /ms

PN_VLAD 19.78 5.28 40.3
LPD-Net 19.81 10.66 102.6
ERA-Net 18.55 10.83 440.0
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