
Gyeongsu Cho   @

Digging Into Self-Supervised Monocular Depth Estimation (Monodepth2) 

Clement Godard1 Oisin Mac Aodha2 Michael Firman3 Gabriel Brostow3,1

1UCL 2Caltech 3Niantic 

ICCV 2019

2022.07.28 (Thu)



Introduction

Method

Experiments

Conclusion

2



Introduction

3

Monocular Depth Estimation



Introduction

4

Monocular Depth Estimation

RGB Depth



Introduction

5

Monocular Depth Estimation

RGB Depth

Why Monocular Depth?



Introduction

6

Monocular Depth Estimation

RGB Depth

Why Monocular Depth?



Introduction

7

Monocular Depth Estimation

RGB Depth

Why Monocular Depth?



Introduction

8

Monocular Depth Estimation

RGB Depth

Why Monocular Depth?



Introduction

9

Supervised Monocular Training Self-supervised Monocular Training



Introduction

10

Model

[1] Eigen, et al, Depth Map Prediction from a Single Image using a Multi-Scale Deep Network. In NIPS, 2014

RGB Depth prediction 

Supervised Monocular Training Self-supervised Monocular Training[1] 



Introduction

11[1] Eigen, et al, Depth Map Prediction from a Single Image using a Multi-Scale Deep Network. In NIPS, 2014

Model

GTRGB Depth prediction 

Supervised Monocular Training Self-supervised Monocular Training[1] 



Introduction

12[1] Eigen, et al, Depth Map Prediction from a Single Image using a Multi-Scale Deep Network. In NIPS, 2014

Model

GTRGB Depth prediction 

Supervised Monocular Training Self-supervised Monocular Training[1] 



Introduction

13[1] Eigen, et al, Depth Map Prediction from a Single Image using a Multi-Scale Deep Network. In NIPS, 2014

Model

GTRGB Depth prediction 

Supervised Monocular Training Self-supervised Monocular Training[1] 



Introduction

14[1] Eigen, et al, Depth Map Prediction from a Single Image using a Multi-Scale Deep Network. In NIPS, 2014
[2] Grag, et al, Unsupervised CNN for Single View Depth Estimation: Geometry to the Rescue, In ECCV, 2016

Model

GTRGB Depth prediction 

Supervised Monocular Training Self-supervised Monocular Training[1] [2] 



Introduction

15

Stereo pairs

[2] Grag, et al, Unsupervised CNN for Single View Depth Estimation: Geometry to the Rescue, In ECCV, 2016

Monocular videos[2] 



Introduction

16

Stereo pairs

[2] Grag, et al, Unsupervised CNN for Single View Depth Estimation: Geometry to the Rescue, In ECCV, 2016
[3] Zhou, et al, Unsupervised Learning of Depth and Ego-Motion from Video, In CVPR, 2017
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Contribution

1. A novel appearance matching loss to address the problem of occluded pixels that occur when using 
monocular supervision

2. A novel and simple auto-masking approach to ignore pixels where no relative camera motion is 
observed in monocular training

3. A multi-scale appearance matching loss that performs all image sampling at the input resolution, leading 
to a reduction in depth artifacts
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• Projection & Warp

Illustration of the differentiable image warping process.
For each point 𝑝! in the target view, we first project it onto the
source view based on the predicted depth and camera pose, and
then use bilinear interpolation to obtain the value of the warped 
image 𝐼!! at location 𝑝!
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2. Auto-Masking Stationary Pixels

Black pixels are removed from the loss (i.e. μ = 0) 
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Black pixels are removed from the loss (i.e. μ = 0) 

[ ] is the Iverson bracket.

This function is defined to take the value 1 for the values of 
the variables for which the statement is true, and takes the 
value 0 otherwise.

2. Auto-Masking Stationary Pixels
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3. Multi-scale Estimation



Method

33

3. Multi-scale Estimation

• Final Training Loss



Method

34

3. Multi-scale Estimation

• Final Training Loss



Method

35

3. Multi-scale Estimation

• Final Training Loss



Introduction

Method

Experiments

Conclusion

36



Experiments

37



Experiments

38



Experiments

39



Experiments

40



Introduction

Method

Experiments

Conclusion

41



Conclusion

42

• Self-supervised Monocular Depth Estimation
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