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Abstract

Accurate real depth annotations are difficult to acquire, needing the use of special
devices such as a LiDAR sensor. Self-supervised methods try to overcome this problem
by processing video or stereo sequences, which may not always be available. Instead, in
this paper, we propose a domain adaptation approach to train a monocular depth estima-
tion model using a fully-annotated source dataset and a non-annotated target dataset. We
bridge the domain gap by leveraging semantic predictions and low-level edge features to
provide guidance for the target domain. We enforce consistency between the main model
and a second model trained with semantic segmentation and edge maps, and introduce
priors in the form of instance heights. Our approach is evaluated on standard domain
adaptation benchmarks for monocular depth estimation and show consistent improve-
ment upon the state-of-the-art.

1 Introduction

State-of-the-art depth estimation methods are capable of inferring an accurate depth map
from a monocular image by relying on deep learning methods that require a large amount
of data with annotations [16, 36]. Annotations in the form of precise depth measurements
are typically provided by special tools such as a LiDAR sensor [20] or structured light de-
vices [55]. Thus, obtaining depth annotations is costly and time-consuming. Much research
has focused on developing methods not relying on directly acquired depth annotations by
leveraging stereo [19, 22] or video sequences [5, 23, 60] for self-supervision. These re-
search directions have shown promise, but a stereo pair or video sequence may not always
be available in existing datasets. The use of synthetic data provides a way to obtain a large
amount of accurate ground truth depth in a fast manner, however, synthetic data and real data
have usually a domain gap due to the difficulty of generating photorealistic synthetic images.
To that end, domain adaptation techniques [47, 63] can help to transfer the models trained on
an annotated source dataset S to a target dataset 7, reducing the burden of training a model
for a new environment or camera.

Research results have shown that the domain gap for semantic segmentation and in-
stance detection can be reduced by introducing depth information during training [9, 41].
A different direction, which leverages semantic information to reduce the domain gap in
depth estimation, has been less studied and mainly in multi-task scenarios [2, 35]. Existing
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Figure 1: Overview of the data available and proposed supervision. The source domain S
contains both RGB and ground truth depth data, and the target domain 7" contains RGB data
only. We train a depth estimation model to achieve high performance in 7 by leveraging
semantic annotations to introduce semantic consistency in 7. The semantic annotations are
obtained using a panoptic segmentation model trained with external data.

datasets with semantic annotations are large and diverse in scenes as well as cameras used,
hence models trained on these diverse semantic datasets are capable of generalizing to dif-
ferent settings [37]. Several works [5, 39] have shown that using pretrained models to obtain
semantic annotations can also bring improvements in the depth estimation task. Motivated
by these findings, we exploit readily-available panoptic segmentation models as guidance to
bridge the gap between two different domains and to improve monocular depth estimation.
Domain adaptation approaches benefit from pseudo-labelling [6, 53] and consistency of
predictions in the source and target domains [10, 62]. Therefore, we propose an approach
that leverages semantic annotations to enforce consistency for depth estimation between the
two domains, and to provide depth pseudo-labels to the target domain by using the size of the
detected objects. Figure | shows an overview of the task. Our main contributions are: (1) the
proposal of an approach to form depth pseudo-labels in the target domain by using object
size priors, which are learnt in an instance-based manner in the annotated source domain;
(2) the introduction of a consistency constraint with predictions from a second model trained
on high-level semantics and low-level edge maps; (3) state-of-the-art results in the task of
monocular depth estimation with domain adaptation from VirtualKITTI [17] to KITTI [20].

2 Related Work

2.1 Monocular Depth Estimation

Self-Supervision. Early depth estimation methods rely on supervised training, using anno-
tations from LiDAR [20] or structured light scanners [55]. Due to the difficulty of obtaining
depth annotations, several works have focused on using either stereo pairs or video self-
supervision. Xie et al. [59] regressed a discretized disparity map and used a pixel-wise
consistency loss with a second camera view, and Garg et al. [19] extended it to predict con-
tinuous depth values. The accuracy was further improved in Monodepth [22] by forcing the
network to predict from a single image both left and right disparities and adding a consis-
tency term. A stereo pair was used in Luo et al. [42] to supervise a model that synthesized
the right view from the left image, and then processing both views by a stereo-matching
network. Other notable approaches include the use of adversarial techniques and cycle-
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