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Images feature descriptors based on improved ResNet and IMU
CHEN Shougang, ZHANG Weiwei, ZHAO Bo
(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] Images feature descriptors based on deep learning are an important part of many 3D vision tasks, and they have
developed rapidly in recent years. However, the existing deep learning —based images feature descriptors usually require real
correspondence between feature points for training, and it is very challenging to obtain these corresponding feature points. This paper
proposes a new weakly supervised learning framework, which only needs to learn feature descriptors from the IMU pose associated
with the picture. Based on this, this paper constructs a new loss function, which utilizes the epipolar constraint given by the IMU
pose, and the method is stable and efficient. Because this method does not require the true correspondence between feature points,
this framework provides the possibility to train better and more discriminative local feature descriptors on larger and more diversified
data sets. In this paper, the learned feature descriptor is called POSE descriptors. After strict supervision training, the POSE
descriptor is better than the previous feature descriptors based on full supervision, and the number of matched correspondences and
the matching degree are improved.
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Fig. 1 Correspondence between query points and prediction points between pose—1 and pose—2 image matching pairs
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Tab. 1 The network architecture of the method proposed in this paper

FFe AR B it (feature mapping)
1 640x480x%3 7x7 Conv, 64, stride 2 320x240x64
2 320%240x64 3x3 MaxPool, stride 2 160x 120x64
3 160x120x 64 Residual Block 1 160x120%256
4 160x120%256 Residual Block 2 80x60x512
5 80x60%x512 Residual Block 3 40x30x1 024
6 40x30x1 024 1x1 Conv, 128 40x30x128
7 40x30x1 024 3x3 Upconv, 512, factor 2 80x60x512
8 80x60x1 024 3x3 Conv, 512 80x60x512
9 80x60x512 3x3 Upconv, 256, factor 2 160x120x256
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11 160x120%256 1x1 Conv, 128 160x120x128
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Tab. 2 Comparison of POSE feature descriptor with other models
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