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Expected market growth

[Precedence Research]

Applications

Growing Popularity of 360° Media

Virtual / Augmented Reality

DronePhotography Surveillance
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360° Image vs. Perspective Image

© 2023 Google 3



360° Image vs. Perspective Image

𝜃

𝜙
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• Applications depend on visual recognition
[Zhang et al., ECCV 2014], [Hu et al., CVPR 2017], [Lai et al., TOG 2017], [Chou et al., AAAI 
2018], [Yu et al., AAAI 2018], [Lee et al., CVPR 2018]

• CNNs for spherical data 
[Boomsma and Frellsen, NeurIPS 2017], [Cohen et al., ICLR 2018], [Cheng et al., CVPR 
2018], [Esteves et al., ECCV 2018], [Coors et al., ECCV 2018], [Zhang et al., ECCV 2018], 
[Khasanova and Frossard, ICML 2019]

o New architectures designed specifically for spherical data

o Not data efficient – require annotations in spherical formats

Visual Recognition on 360° Imagery
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Strategy I (Equirectangular)

[Hu CVPR 2017], [Lai TOG 2017]

• Fast – single projection

• Inaccurate – distortion in projection

Applying CNNs to 360° Imagery
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Strategy II (Perspective)

[Zhang ECCV 2014], [Chou AAAI 2018], 
[Yu AAAI 2018]

• Accurate – exact convolution output

• Slow – repeated projection

Applying CNNs to 360° Imagery
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• Fast – single equirectangular projection

• Accurate – simulate exact convolution output

• Data efficient – does not require additional annotations

Spherical Convolution
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• Goal – account for distortion

• Problem – distortion is polar angle (θ) / row dependent

• Solution – untie kernel weights along the rows*

Spherical Convolution Model Architecture

θ = 90° θ = 54° θ = 18°Source

* We use one set of weights every 5 rows in practice
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• Goal – accelerate training

• Idea – require 𝑁𝑒 to reproduce all intermediate features

Layer-wise Training
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Apply SphConv to Faster R-CNN

• Pano2Vid (Train)

o 360° video dataset

o Sample 1,056 frames for training

• Pascal VOC 2007 (Test)

o Perspective object detection dataset

o Project bounding boxes to spheres at five polar angle (𝜽)

Experiment: Datasets
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SphConv Evaluation

12

50% more accurate

than Strategy I
Orders of magnitude

faster than Strategy II

* [Hu et al., CVPR 2017], [Lai et al., TOG 2017]

# [Zhang et al., ECCV 2014], [Chou et al., AAAI 2018], [Yu et al., AAAI 2018]
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• Model size increases linearly w.r.t. input resolution (H)

• SphConv kernels are highly correlated → weights are redundant

Problem of Spherical Convolution

CNN SphConv

Asymptotic c2k2 c2k2H

VGG* 56 MB 29 GB

* Over 640x320 input images
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Idea – generates SphConv kernels from source kernels

Kernel Transformer Network
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Kernel Transformer Network Architecture
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CNN SphConv KTN

Asymptotic c2k2 c2k2H c2k2+c2

VGG 56 MB 29 GB 70 MB



Transferability of Kernel Transformer Network

We need only one KTN for different tasks!
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• Appy KTN to Faster R-CNN

[Ren et al., NIPS 2015]

o Extract equirectangular feature map

o Project features to tangent planes

o Spherical non-maximum suppression

• Does not need new annotation

Application: 360° Object Detection
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Experiment: Object Detection Accuracy

1[Cheng et al., CVPR 2018], 
2[Cohen et al., ICLR 2018], 
3[Esteves et al., ECCV 2018], 
4[Coors et al., ECCV 2018]

• KTN is much more compact than SphConv
• KTN outperforms recent CNNs on spherical data
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Experiment: KTN Transferability
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Experiment: KTN Transferability

KTN performs almost identically
regardless of the training source!
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Conclusion

1[Cheng et al., CVPR 2018], 
2[Cohen et al., ICLR 2018], 
3[Esteves et al., ECCV 2018], 
4[Coors et al., ECCV 2018]

• Accounts for distortion in 360° images
• Does not require annotated 360° images
• Is transferable across different source CNNs

Open door to off-the-shelf CNN recognition on 360° images
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