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Overview Data Collection Localizing CNNs

e Tnitially, the robot partially relied on image feature e Continued mapping and dividing the Olin-Rice building e In order to improve.: locglization using imag.es, we built
matching and KD-Tree algorithms to identify its into 271 approximately 2m x 2m cells. ‘FWO (;Nst one ‘FO 1dentify the robot’s heading, and one to
location. We fully replaced this system with two e New data collection methods were developed to streamline 1dentity i1ts olocatlon on thf; map.
convolutional neural networks: one to identify robot the process. ¢ Preprocessing: Before tr?unmg, HASES WETE ..
heading, and one to identify location. These o Recording and Marking: We developed an android app preprocessed by converting them 1nto g.ray—scale, resizing
networks improved upon a network constructed in which used a phone compass to automate the collection to 100 x 109» and su.btractmg the mean 1mage. The
2018 by taking additional input. of heading data, and made it easy to manually mark the network wlpch predicted headings had the cel.l data

e A map of Olin-Rice is divided into cells. The robot’s location while it was driven by another person. A embedded into an extra channel added to the image, and

the network predicting cells had heading data embedded
into an extra channel.
e Data Augmentation: Erased a random rectangle of pixels

separate script recorded 1images from the turtlebot.

turtlebot can travel to user-specified target cells,
o Data from the phone app 1s manually modified to include

avolding obstacles using lower-level potential field

behaviors. XY coordinates of each cell, then a script 1s run to pair ; D data bof lectine 500
e In the event that the turtlebot gets lost, the localizer the app measurements with the images. irrr?angleesa;erniehgfntzuiig?;zg tit:t echizzcleifgl\ias

feedg image .da.ta into the networks, which will then relatively equally represented.

tell 1t where 1t 1s. e Experiments

o Training: Trained with different image sizes,

ing techniques, architectures, activati
INPUT LOCALIZATION OUTPUT functions and hyperparameters to have better

validation accuracy.

ODOMETRY DATA -~ CELL o Retraining: Implemented and tested various published
\ PREDICTED HEADING architectures including VGG16, PoseNet, ResNet50,
— oK InceptionV3, Xception, VGG19, DenseNet, and
CAMERA IMAGES — l — SlEL b b .
W £ NasNet by retraining the top layers only, with limited
T HEADING NETWORK ‘% success.
== T=wrc o= Applications
S ' e [.ocalization indoors or without the use of GPS signals
l O accessibility aids
O asset management and tracking
HEADING ‘ et o disaster management and recovery (2)
CELL NETWORK PREDICTED CELL : '
Directions for Future Work
" T ,,,,,, el ’ PLYEE e Incorporate object classification to determine whether the
RS OSER MRS W RN mTEe T T g [ robot 1s looking at something not useful, such as a blank
e i s s IEmEamm- wall, so that the robot could be instructed to turn.
e Explore Long-Short-Term Memory (LSTM) network
Figure 1. A diagram showing how the neural networks are used to localize the robot. architectures, which require sequential data as iput.
e Improve dataset to increase network accuracy in
situations where 1t may perform worse:

o Remove blurred images

o Collect data 1n different lighting conditions

o Collect data with different artwork on the walls
e Transfer existing networks to other robots.

Convolutional Neural Network

e “A Convolutional Neural Network (CNN) 1s a deep
learning algorithm which can take 1in an input 1image,
assign importance (learnable weights and biases) to B ==
various aspects/objects in the image and be able to biced e
differentiate one from the other.” (1)
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