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Loop closure detection for visual SLAM based on stacked convolutional
autoencoder
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Abstract: As the foundation to realize the autonomous movement of mobile robots, simultaneous localization and
mapping(SLAM), which is mainly used to solve the problem of mobile robots mapping and navigation in unknown
environment, has been paid more attention in recent years. Loop closure detection, one of the key steps of visual SLAM,
plays an important role to make a globally consistent map and reduce accumulated error of robot pose. Current methods
for loop closure detection are vulnerable to environmental influence because they always adopt traditional features such
as SIFT and SURF. To improve the accuracy and robustness of loop closure detection, a method based on unsupervised
Stacked Convolutional Autoencoders(CAEs) model is proposed. The trained CAEs convolution neural network is used
to learn from input images, while the output features are used for loop closure detection. The results of experiment show
that the proposed method, compared with traditional BoW-based methods and other methods based on deep learning
model, can effectively reduce the dimension of image features and improve the effect of feature description. Thus, it can
attain better accuracy and robustness in loop closure detection of robot SLAM.

Keywords: robot; SLAM; loop closure detection; deep learning; unsupervised learning; stacked convolutional
autoencoders
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IR RO

T 4 5 6 7

3
44 /10
(b) IE P ER AL Rl

0.1

0 sl ol b Blhy N PR TR PR YT R N KT W

RRAE 22 57
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%% /107
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3.3 ETF CAEsHAIEMAI SLAM &S 14 ge il

ARSI = 3% 5 RGB BIANR E ERIET NYU-
Depth V2 ¥4 42, AiA CAEs HI3A K ZE SLAM &
g0 b PR RE, SR 782 K HE A A SLAM =4 s &
Hby P 3 e AR 28 S S R 106 G B WTEAT = 4 Rl s 1
. N T VFAl CAEs AU fE B> SLAM R4 1 A
R, A ST 53 Sl SR FH S 1 A6 48 1) PR B A I (% G0 B
). T B %Y (Auto-Encoder) B FH R K6 I (VR FE 2
S BLF) FUA SR H 5 T CAEs A5 2 P A AG I 54T
SLAM Hh ¥4 51256 . I S5(a) F1FE 5(c) 1T LA H, J:
AL P P ARG WU 7 9 A 52 1) b LA A B SR R 2,
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kAT R XA A B SLAM ] 2R 48] 087

BET AE [ PG IN 5 i A i A B T R
SRS, T 22 13 CAEs A5 72 DA o I A4 A ) e P 1R e 3t
THER 7 IX AR ZE AR

(d) FET CAEs #5828 (1) S BRIA 5 A4 P R
&5 NYU#HIEEHREHR

N T SR AR SR S A, R CL2 I 25 58 ik
) CAEs W 2% 75 S bR ¥4 58 (52 596 %) £ 4T SLAM )
P S EG. 38 i RGB-D 4% /8 2% (Kinect) SR 5 5045, i ik
S 2 J5 ¥ FL% N CAEs K I B R, B35 45 G20 i3k
ITAR AL AL B 5t i 3R AT SLAM $th P44 2, L4428 51
K 5(d) Fra. \TCAE H, i85 CAEs & P 3R e 8 4 2%
Hi T Bk AR 2, A B R

AR ST R 4 0 1 oA 5% A TR 4 B PR AR R AR 1
AH I 4% O AR D B 32 https://github.com/Hoototo/CAE-
loop-closure-of-SLAM.

4 4 @

T IR EREEIHLEE A SLAM FFRAG I A R4, A
SCEEH T — AT 5 T CAEs M AL [ AR 5 SLAM 1]
A J5 3% AN A T AR G BT F TRHE M 775, A
S B TR B A0 22 9 255 D UG SR BURFAE, 12757 B
A6 L (1 A R R R . IR IE BT R HE R B
A R, Ay BRSNS bR A BT IF e T Sk
AR, 25 SRR 0, 36T CAEs B2 1) AR AG I EL A TR 47
FRIAS J T SLAM ) & 2k B
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