8 https://doi.org/10.7746/jkros.2019.14.1.008

Journal of Korea Robotics Society (2019) 14(1):008-013
ISSN: 1975-6291 / eISSN: 2287-3961

Deep Convolutional Auto-encoders- ©]-$3t
373 Wislol] 715 B QA

Condition—-invariant Place Recognition
Using Deep Convolutional Auto—encoder
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Abstract: Visual place recognition is widely researched area in robotics, as it is one of the elemental
requirements for autonomous navigation, simultaneous localization and mapping for mobile robots.
However, place recognition in changing environment is a challenging problem since a same place look
different according to the time, weather, and seasons. This paper presents a feature extraction method
using a deep convolutional auto-encoder to recognize places under severe appearance changes. Given
database and query image sequences from different environments, the convolutional auto-encoder is
trained to predict the images of the desired environment. The training process is performed by
minimizing the loss function between the predicted image and the desired image. After finishing the
training process, the encoding part of the structure transforms an input image to a low dimensional
latent representation, and it can be used as a condition-invariant feature for recognizing places in
changing environment. Experiments were conducted to prove the effective of the proposed method,
and the results showed that our method outperformed than existing methods.
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[Fig. 1] The example images of the place under seasonal
changes. A same place looks different according to the time of
a day, weather, and seasons, and this makes visual place
recognition a challenging problem
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[Fig. 2] The structure of the proposed CAE. This structure is divided
into the encoding and the decoding parts. The first part transforms an
input image to a low dimensional latent representation, and the
second part reconstructs it to the input image
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[Fig. 4] Precision-recall curve results of the Nordland
spring-winter dataset. The higher the ratio of the training data,
the better the performance of the place recognition
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the Nordland spring-winter dataset. The results showed that our
method outperforms than other methods
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