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Chapter 1

We introduce the background knowledge of this thesis. To be specific, we first introduce the
concept of depth map and deep neural networks. We then show how to estimate depth map
from monocular images. We show previous methods built on deep neural networks and
analyze their limitations. We then discuss the motivations of our works. In order to make a
significant step forward towards real-world deployment of methods built on neural networks,
we argue that there are three issues that exist to be solved and investigated including
accuracy improvement, interpretability and robustness against adversarial attacks.

Chapter 2 ;

We propose to improve the accuracy of depth estimation from two aspects: 1) We introduce a
multi-scale feature fusion module that fuses features of different scales extracted by an
encoder, the module is inserted into an encoder-decoder network. Our network consists of four
modules: an encoder, a decoder, a multi-scale feature fusion module, and a refinement module.
2) We propose a more comprehensive loss function that penalizes errors on depth, gradients
and normals. Based on experimental results, the two improvements contribute to improving
the accuracy of depth map estimation.

Chapter 3 ‘

To understand how depths are predicted by CNNs, we are interested in the question that
what's the cues that CNNs use to infer depths. To this end, we propose to learn a mask that
reveals the important features for depth inference when given an input image. We formulate
it as an optimization problem that CNNs can still estimate accurate depths while using pixels
as small as possible. We then analyze the remained pixels to understand the cues employed
by CNNs for depth estimation. We experimentally show the effectiveness of our approach.

Chapter 4

We then attempt to understand what kind of features are learned inside CNNss.

We first carefully designed a method that automatically clusters features learned inside
CNNs, we find that there is a high redundancy inside CNNs. Many neurons repeatedly learn
similar features which also explains why applying compression to CNNs does not cause
damage to the accuracy of models.

We then quantify those features to calculate the importance of each feature for depth
inference. Experiment results show similar to image recognition, removing individual unit
does not cause a drop for overall accuracy, but the drop is significant for some images.




Chapter 5

We investigate the performance of previous studies on adversarial images, we find that those
methods could be easily fooled. We consider it's necessary to develop a defense method for
monocular depth estimation since it's usually used in real-world applications. We propose to
defend adversarial attacks with the prediction of saliency maps. Our method boosts the
robustness of CNNs while simultaneously contributes to better understanding to black-boxs.
Extensive experimental results validate the effectiveness of our method.

Chapter 6
In this chapter, we conclude our works in this thesis.
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