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Background

Johannes
Kopf

A research scientist at Facebook, where he support a
group working on computational photography research.
Before joining Facebook, he worked at Microsoft
Research. He received the EUROGRAPHICS Young
Researcher Award in 2013 and the SIGGRAPH

Significant Researcher Award in 2015.

His group works on cutting-edge research projects at
the intersection of computer vision, graphics, and
machine learning. They also like to productize Their

work. A favorite recent example is 3D photos.
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Dani Lischinski, Tien-Tsin Wong,

SIGGRAPH 2007
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SIGGRAPH 2007
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簡報者
簡報註解
https://wandb.ai/wandb_fc/chinese/reports/-One-Shot-3D-Photography--Vmlldzo0MDE4MTY


Art Statement




Art Statement

Challenges:

* (Generate Depth Information

* Fill in the image of the occluded area
* Low computing cost for mobile device.

b o e 2 w =y . i
(a) Depth-warping (holes) (b) Depth-warping (stretching) (¢) Facebook 3D photo (d) Our result



簡報者
簡報註解
3D攝影是將2D圖像加入深度訊息, 以更真實生動的方式呈現影像的新方法。傳統的3D攝影需要拍攝多張照片以建構立體訊息, 拍攝一張照片往往需要大量的memory與計算成本. 作者提出一個 One Shot 3D Photography 新的方法, 他只需要一張照片就可以轉換成3D立體圖像. 
作者將傳統的2D照片根據移動視點, 而生成多張視差照片。這樣的視點可以在“動態的” 構建3D圖像。可應用於Facebook、Instagram, 作為帶有3D圖像的附加功能。


Method

 Depth Estimation
« Layer Generation
« Color Inpainting
 Meshing
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(b) Depth estimation  (c) Layer generation | (d) Color inpainting - (e) Meshing i . :
(230 ms) (94 ms) (540 ms) (234 ms) aa Novel vi
Processing: 1,098ms on a mobile phone (iPhone 11 Pro) | {f}(riﬁnﬂf ™



簡報者
簡報註解
此項作品共有3個挑戰:
2D照片轉成3D照片,除了顏色外，還需要深度信息。
視點的變化顯示了圖像之前被遮擋的部分，這需要被填充。
為了將此功能應用在移動設備, 此方法必須要擁有很低的計算成本.


S
Depth Estimation

New Depth Estimation Neural Networks - Tiefenrausch
« Efficient Block Structure
* Neural Architecture Search

e 8-bit Quantization


簡報者
簡報註解
1. Depth Estimation：深度估計網絡採用了一個新的網絡結構，以為了在移動設備上快速推理；
2. Layer Generation：將深度圖的像素, 提升到分層深度圖像（Layered Depth Image, LDI）上，並使用啟發式算法在視差區域（被遮擋的區域）合成新的幾何圖形；
3. Color Inpainting：使用一個inpainting神經網絡，在LDI上新合成的幾何圖形上合成顏色；
4. Meshing：網格化可以在低端設備上, 將以上3個步驟產生的圖案, 進行有效率地渲染，也可以在較低端的網絡上, 進行有效率地傳輸；


Depth Estimation

Efficient Block Structure:

«  Skip-Connection (U-Net, MICCAI'15)

« Depthwise Separable Convolution (MobileNet-V1, arXiv'17)

* Inverted Residuals (MobileNet-V2, CVPR’18)
« Linear Bottlenecks Design (MobileNet-V2, CVPR’18)

Efficient Block Structure
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簡報者
簡報註解
本文提出的深度估計網絡是新的網絡結構，稱為Tiefenrausch。Tiefenrausch 具有低推理時間，低佔有資源，和的低模型大小. Tiefenrausch 的改善由3個技術技術實現: (1) Efficient Block Structure, (2) Neural Architecture Search, (3) 8-bit Quantization.


Depth Estimation

* U-Net, MICCAI'15:

Input DEM
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O. Ronneberger, P. Fischer and T. Brox, "U-Net: Convolutional Networks for Biomedical Image Segmentation”, Lecture Notes in
Computer Science Medical Image Computing and Computer-Assisted Intervention — MICCAI 2015, pp. 234-241, 2015.



Depth Estimation

Depthwise Separable Convolution

= Depthwise Convolution + Pointwise Convolution
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Depth Estimation

Depthwise Separable Convolution

v' Depthwise convolution is the channel-wise DKxDK spatial
convolution. Suppose in the figure above, we have 5
channels, then we will have 5 DKxDK spatial convolution.

v" Pointwise convolution actually is the 1x1 convolution to

change the dimension.

the operation cost of DW Separable Convolution is:
Dk -Dg-M-Dp-Dp+M-N-Dp-Dp
the operation cost of standard Convolution is:
Dk -Dk-M-N-Dp-Dp
Thus, the computation reduction is:

Dgk-Dxk-M-Dp-Dp+M-N-Dp-Dp
Dk -Dx-M-N-Dp-Dr
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When DKxDK is 3x3, 8 to 9 times less computation can be achieved, but with only small reduction in accuracy.
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Depth Estimation

Inverted Residuals/Linear Bottlenecks Design

v" There are 3 layers for both types of blocks.

v The first layer is 1x1 convolution with ReLU®6.

v' The second layer is the depthwise convolution.

v' The third layer is another 1x1 convolution but without any non-
linearity.

v And there is an expansion factor t. And t=6 for all main experiments.
If the input got 24 channels, the internal output would get
24 xt=24 x6=144 channels.
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Depth Estimation

Non-Linear Bottlenecks: Tensor Collapse
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Depth Estimation

Efficient Block Structure - Neural Architecture Search:
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Dai et al., “ ChamNet: Towards Efficient Network Design through Platform-Aware Model Adaptation *, CVPR’19



Depth Estimation

Efficient Block Structure - 8-bit Quantization:

train error

Quality (MegaDepth) Quality (ReDWeb) Performance Model footprint
Method Training data 8<1.25T Absrel] RMSE| | §<1.25T Absrel] RMSE| | FLOPs| Runtime| Peak mem.| | float32 int8 Size|
Midas (v1) RW, MD, MV 0.955 0.068 0.027 - - - 33.2G 1.11s 453.7 MiB 37.3M - 142.4 MiB
Midas (v2) RW, DL, MV, MD, WSVD 0.965 0.058 0.022 - - - 723G - - 104.0 M - 396.6 MiB
Monodepth2 K 0.845 0.145 0.049 0.350 4.368 0.176 6.7G 0.26s 194.1 MiB 143 M - 54.6 MiB
SharpNet PBRS — NYUv2 0.839 0.146 0.051 0.308 6.616 0.196 549G - - 1141 M - 435.1 MiB
MegaDepth DIW — MD 0.929 0.086 0.033 0.434 2.270 0.137 63.2G - - 53M - 20.4 MiB
Ken Burns MD, NYUv2, KB 0.948 0.070 0.026 0.438 2.968 0.140 594G - - 99M - 381.0 MiB
PyD-Net C5—=K 0.836 0.148 0.052 0.310 5.218 0.198 - - - 2.0M - 7.9 MiB
Tiefenrausch (baseline) MD 0.942 0.078 0.031 0.383 1.961 0.156 189G - - 3.0M - 11.4 MiB
Tiefenrausch (AS + no-quant) MD 0.940 0.080 0.031 0.378 1.987 0.157 6.4G - - 35M = 13.4 MiB
Tiefenrausch (AS + quant) MD 0.941 0.079 0.031 0.382 1.950 0.156 6.4G 0.23s 196.1 MiB - 35M 3.3 MiB
Tiefenrausch (AS + quant) MD, 3DP 0.925 0.090 0.035 0.407 1.541 0.142 6.4G 0.23s 196.1 MiB - 3.5M 3.3 MiB
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J. Choi, et al., “ Pact: Parameterized clipping
activation for quantized neural networks,” arXiv’18.


簡報者
簡報註解
Neural Architecture Search 採用*Chameleon methodology [Dai et al. 2019]*去找到最優的結構。在搜索空間，改變efficient block中的channel expansion factor 和每個block的輸出通道。使用800個Tesla V100搜索了3天。


Method

 Depth Estimation
« Layer Generation
« Color Inpainting

* Meshing

(b) Depth estimation  (c) Layer generation | (d) Color inpainting - (e) Meshing
(230 ms) (94 ms) (540 ms) (234 ms) N— s
Processing: 1,098ms on a mobile phone (iPhone 11 Pro) | {ﬂ{reifin:f »
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簡報者
簡報註解
作者我們將 32 位浮點參數, 激活量化為 8 位整數來進一步改進模型。8-bit 量化將模型大小縮小4倍，並在性能稍有降低的情況下, 減少了延遲時間。




Layer Generation

(b) Raw

(c) Filtered

(a) Raw / cleaned depth image (d) Cleaned
Fig. 4. Depth image before and after cleaning (a). Discontinuities are initially
smoothed out over multiple pixels. Weighted median filter sharpens them
successfully in most places (c). We fix remaining isolated features at middle-

values using connected component analysis (d).

(a) Expansion constraints (d) Our method

Fig. 5. Expanding geometry on the back-side of discontinuities into oc-
cluded parts of the scene. Previous work [Hedman and Kopf 2018] produces
artifacts at T-junctions: either extraneous geometry if left unconstrained (b)
or cracked surfaces when using their suggested fix (c). We improve this by
grouping discontinuities into curve-like features (color-coded), and inferring
spatial constraints to better shape their growth {dashed lines).



Method

 Depth Estimation
« Layer Generation
* Color Inpainting

* Meshing

(b) Depth estimation  (c) Layer generation | (d) Color inpainting - (e) Meshing .
(230 ms) (94 ms) (540 ms) (234 ms) — s
Processing: 1,098ms on a mobile phone (iPhone 11 Pro) | {ﬂ{reifin:f »
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簡報者
簡報註解
3D 攝影需要場景的幾何圖形。Layer Generation將深度圖的像素, 提升到分層深度圖像（Layered Depth Image, LDI）上，並使用啟發式算法在視差區域（被遮擋的區域）合成新的幾何圖形；傳統的3D照片最顯著的幾何特徵是深度不連續。在這些位置上，需要擴展和產生新的幾何圖形。由於深度估計算法本身的正則化，深度圖通常是過度平滑的。這種平滑“洗去”了多個像素上的深度不連續，這顯示出了難以表示的虛假特徵（如下圖4b所示）。所以這個算法的目標就是去雜波深度不連續，並將它們銳化成精確的連續邊緣。


Color Inpainting

@ PConvix7ReLU ' PConvsxbBNReLU @ PConv3x3

0 PConvaxsBNReLU ] Convax3BNLReLU [(f] Copy (] Upscale

(b) Inpainted and padded



.

Color Inpainting

(a) Orlgmal view, ground truth (b) First layer ground truth
|

Novel view

(c) Second layer, ground truth

(d) Second layer, Inpainted

Quality (LDI) Quality (reprojected) Performance Model footprint
Method PSNRT PSNRT SSIMT LPIPS| FLOPs| float32| Caffe2 Size|
Farbrausch 33.852 34.126  0.9829  0.0232 - 0.37M 1.9 MiB
Partial Convolution 33.795 34.001 0.9832 0.0224 - 32.85M 164.4 MiB
Farbrausch (screen space) - 32.0211 0.9784  0.0325 2.56 G 0.37M 1.9 MiB
Partial Convolution (screen space) - 33.225  0.9807  0.0280 37.97G 32.85M 164.4 M1B

(e) Original view, mpalnted |



簡報者
簡報註解
作者提出了一種新架構，稱為 Farbrausch，在color inpainting這方面進行了優化。 具有 5 個下採樣階段的傳統2D  PartialConv 網絡。 與5個upsampling 網路。此超參數搜索在 400 個 V100 GPU 上耗時 3 天, 共訓練了 150 個子網路用於網路搜索法。



Method

 Depth Estimation
« Layer Generation
« Color Inpainting

* Meshing

o

(c) Layer generation | (d) Color inpainting - (e) Meshing : .
(94 ms) {540 ms) (234 ms) . g
Processing: 1,098ms on a mobile phone (iPhone 11 Pro) B {ﬂ{reifin:f »

(b) Depth estimation
(230 ms)



簡報者
簡報註解
LDI的質量評估如下表所示，報導的是LDI的質量損失，也就是上圖12c和上圖12d之間的比較。表2的“映射質量”是PSNR和SSIM的指標。由於PSNR和SSIM是重構誤差度量，所以加了LPIPS度量，以便更好地評估inpainted圖像和ground truth的感知相似性。


Meshing

(a) Detailed polygon (b) Simplified polygon (c) Interior vertices (d) 2D triangulation (d) Lifted to 3D



Result



簡報者
簡報註解
網格化可以在低端設備上, 將以上3個步驟產生的圖案, 進行有效率地渲染，也可以在較低端的網絡上, 進行有效率地傳輸；






Result

https://facebookresearch.github.io/one_shot_3d_photography/comparison_ken_burns.html



簡報者
簡報註解
網格化可以在低端設備上, 將以上3個步驟產生的圖案, 進行有效率地渲染，也可以在較低端的網絡上, 進行有效率地傳輸；
https://wandb.ai/wandb_fc/chinese/reports/-One-Shot-3D-Photography--Vmlldzo0MDE4MTY


https://facebookresearch.github.io/one_shot_3d_photography/comparison_ken_burns.html

Connection

» Effort: the capture can been occur in a single shot and not require any special hardware.

* Accessibility: creation have been accessible on any mobile device, even devices with
regular, single-lens cameras.

« Speed: all post-capture processing should at most take a few seconds (on the mobile
device) before the 3D photo can be viewed and shared.

« Compactness: the final representation have been easy to transmit and display on low-
end devices for sharing over the internet.

* Quality: rendered novel views should look realistic; in particular, depth discontinuities and
disocclusions have been handled gracefully.

* Intuitive Interaction: interacting with a 3D photo is in real-time, and the navigation
affordances intuitive.
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簡報者
簡報註解
本文中提出的系統為解決上述挑戰提供了一種實用的3D攝影。此方法的一些隱秘功能包括：
簡單：那個方法只需要完成一個D圖像將其轉化為3個圖像。因此，它被歸為“One Shot”。
普適：在任何移動設備上都可以使用此方法，即使在使用單鏡頭相機的設備上也可以。
速度：模型使用可見訓練（量化感知訓練針對移動設備進行了優化。移動上的所有步驟處理只需要花費幾秒鐘的時間和少量的資源。交互：與3D照片的交互是實時的，並且生成的3D圖像實時共享。

Effort: 可以在單次拍攝中產生3D照片，且不需要任何特殊的硬體。
Accessibility: 此方法可以在任何移動設備上進行，即使是帶有普通單鏡頭相機的設備。
Speed: 在移動設備上,查看和共享 3D 照片只需要幾秒的時間.
Compactness: 最終的作品可以在低端設備上傳輸和顯示，以便通過互聯網共享。
Quality: 新生成的3D圖片看起來很真實； 特別是在深度不連續和遮擋部位都收到妥善的處理。
Intuitive Interaction: 與 3D 照片的交互是即時的，並且具有直觀瀏覽功能。 


Demo

(f) Novel view
(real-time)
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