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Visual place recognition based on multi—level feature difference map

Zhang Guoshan, Zhang Peichong, Wang Xinbo

(School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China)

Abstract: Perceptual aliasing and perceptual variability caused by drastically appearance changing in the
scene bring great challenge to visual place recognition. Many existing visual place recognition methods
using CNN directly adopted the distance of the CNN features and set thresholds to measure the similarity
between the two images, which had shown a poor performance when drastically appearance changing in
the scene. A novel multi —level feature difference map based visual place recognition method was
proposed. Firstly, a CNN pretrained on scene —centric dataset was adopted to extract features for
perceptually different images of same place and aliased images of different places. Then, according to the
different properties of different CNN layers, multi—level feature difference map was constructed on the
multi —level CNN features to represent the difference between the two images. Finally, visual place

recognition was regarded as a binary classification task. The feature difference maps were used to train a
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new CNN classification model for determining whether the two images are from the same place.

Experimental results demonstrated that the feature difference map constructed by multi—level CNN features

can well represent the difference between two images, and the proposed method can effectively overcome

perceptual aliasing and perceptual variability, and achieve a better recognition performance when

drastically appearance changing in the scene.
Key words: visual place recognition;

perceptual variability;
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Fig.1 Flow of visual place recognition based on multi-level feature difference map
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Tab.1 Dimension of the feature vector and the size

of the feature difference map

Layer Dimension Size
conv3_ 802 816 784x1024
pool3 200 704 256X 784
convd_ 401 408 512x784
pool4 100 352 256x392
convs_ 100 352 256%392
pool5 25088 128x196
fc 4096 64x64
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Fig.2 Fusion of multi-level CNN features
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Fig.3 Architecture of the proposed classification model
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Fig.4 Perceptually different images of the same place in
(a)—(c) are captured at different times of day:
daytime, sunset and night; aliased image pairs

of different places are shown in (d)—(e)
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Tab.2 Precision and accuracy on the test set for

different layers

Layer Precision Accuracy
conv2_1 0.686 12 0.593 33
conv2_2 0.714 82 0.736 67

pool2 0.723 89 0.726 67
conv3_1 0.864 82 0.873 33
conv3_2 0.856 21 0.863 33
conv3_3 0.888 16 0.893 33

pool3 0.883 82 0.883 33
convd_1 0.886 08 0.906 67
conv4_2 0.890 32 0.903 33
conv4_3 0.861 64 0.883 33

pool4 0.888 89 0.896 67
conv5_1 0.896 10 0.906 67
conv5_2 0.918 37 0.910 00
conv5_3 0.908 50 0.916 67

pool5 0.904 46 0.923 33

fco 0.783 12 0.793 33
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Fig.5 Training result of mono-level features
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Fig.6 Visualization results using deconvolution
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Fig.8 Training results of multi-level feature difference map
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Tab.3 Precision and accuracy on the test set

for multi-level feature difference map

Layer Precision Accuracy
pool5+conv5_3+conv5_2 0.918 72 0.926 67
pool5+conv4_1+conv3_3 0.937 56 0.936 67

pool3+pool4+pool5 0.948 13 0.943 33
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Fig.9 Training results on AlexNet and GoogleNet
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Tab.4 Average precision for different layers of the

method 1
Layer Average precision
conv3_1 0.530 94
conv3_2 0.529 74
conv3_3 0.518 54
pool3 0.522 03
convd_1 0.545 27
conv4d_2 0.553 00
convd_3 0.554 68
pool4: 0.564 65
conv5_1 0.577 40
convs_2 0.596 21
convs_3 0.590 79
pool5 0.601 27
fco 0.591 59
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Tab.5 Average precision of the other two methods

Method Average precision
Method 2 0.732 59
Method 3 0.795 90
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