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Loop Closure Detection for Visual SLAM Using

Convolutional Neural Networks
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Abstract: The detection of loop closure is a very important part of visual slam. Successful detection of loop
closure can reduce the accumulated mileage drift generated by positioning algorithms. In view of the superior
performance of deep convolutional neural networks in classification, the network of VGG16-Places 365 is used,
which is widely used in image classification to the area of loop closure detection for the first time. The registration
data are input into a trained convolutional neural network, and the output of each hidden layer corresponds to the
image feature representation. Then, experiments are implemented to get an intermediate layer with higher matching
accuracy, which is used to complete scene feature extraction, and then the loop closure region is obtained by
calculating the similarity of the scene feature; finally, experimental tests are performed on loop closure detection
dataset. Test results show that the accuracy rate of the VGG16-Places 365 convolutional neural network model is
about 3% higher than the traditional ways under the same recall rate; and the the feature extraction time is about 5

to 10 times faster on the CPU and 100 times on the GPU.
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AL FH IR B Caffel VR B 2 S HESE R AR UL
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Caffe FHA A (PR R 5. ZCONNEALE — N2 2
L 4%, E B3 )ERMA B SN EZ (convl,
conv2, conv3, conv4, conv5), 5 i KB4k /= (pooll ,
pool2, pool3, pool4, pool5) FI3A4™5¢ A IEFE 1 )2 (fc6,
fc7, fe8). f KA JE A RRHIE SR AP FE AN I
[EJI RN RS FsE B, B2 I8 & IR Z A
B IR I R R R T A W
— 2 A A U HR e A IE R R R A R
AT, AR BN HAE P22 X 45 1) /& =
g, XA RN AT R T B o N B G ks R V.
<1 vggl6-places365CNNIREIfE caffe P FIZAD LK B B HUSFAEE E

Tab.1 The architecture and the feature dimension of each layer of the
vggl6-places365 CNN model in Caffe

=278 s
convl 3211264
pooll 802 816
conv2 1 605 632
pool2 401 408
conv3 802 816
pool3 200 704
conv4 401 408
pool4 100 352
convs 100 352
pool5 25088
fc6 4096
fc7 4096
fc8 365
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Fig.1 Visualization of each feature
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Fig.2 Sketch map of loop closure detection
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Fig.3 Sample images of the left and right cameras collected at the same position in New College
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Tab.2 The cost time spent on the average of each image with different

feature descriptors

AL I l/s

BoVW 0.567

GIST 1.787

VGG(CPU) 0.139
VGG(GPU) 0.014
Autoencoder 0.020
PlaceCNN 0.052

FLCNN 0.013
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