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Abstract—Cross-domain generalizable depth estimation aims to
estimate the depth of target domains (i.e., real-world) using models
trained on the source domains (i.e., synthetic). Previous meth-
ods mainly use additional real-world domain datasets to extract
depth specific information for cross-domain generalizable depth
estimation. Unfortunately, due to the large domain gap, adequate
depth specific information is hard to obtain and interference is
difficult to remove, which limits the performance. To relieve these
problems, we propose a domain generalizable feature extraction
network with adaptive guidance fusion (AGDF-Net) to fully acquire
essential features for depth estimation at multi-scale feature levels.
Specifically, our AGDF-Net first separates the image into initial
depth and weak-related depth components with reconstruction
and contrary losses. Subsequently, an adaptive guidance fusion
module is designed to sufficiently intensify the initial depth features
for domain generalizable intensified depth features acquisition.
Finally, taking intensified depth features as input, an arbitrary
depth estimation network can be used for real-world depth estima-
tion. Using only synthetic datasets, our AGDF-Net can be applied
to various real-world datasets (i.e., KITTI, NYUDv2, NuScenes,
DrivingStereo and CityScapes) with state-of-the-art performances.
Furthermore, experiments with a small amount of real-world data
in a semi-supervised setting also demonstrate the superiority of
AGDF-Net over state-of-the-art approaches.

Index Terms—Depth estimation, domain generalization, domain
generalizable depth features, adaptive guidance fusion.

I. INTRODUCTION

MONOCULAR depth estimation is an important per-
ception task that has been widely applied in many

applications, such as autonomous driving [1], [2], 3D scene
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reconstruction [3], [4] and augmented reality [5], [6], etc.
Promising results have been achieved by deep convolution
neural networks (DCNNs) based supervised depth estimation
methods [7], [8], [9], [10], which mainly use the annotated depth
ground-truth to supervise the DCNNs to estimate well depth
maps. However, supervised learning requires large amounts of
depth acquired by the sensors and aligning with the images
as ground truth, which are costly and time-consuming [11],
[12]. Therefore, approaches [13], [14], [15] have been proposed
to use video sequences or stereo images to estimate depth
in a self-supervised manner. However, consecutive video se-
quences and stereo images are not always available in current
datasets, and the results are commonly limited to a single train-
ing dataset, which is difficult to generalize to different unseen
scenes.

To relieve the problems, several solutions are proposed, using
synthetic data that depth annotations can be directly obtained for
training, and testing in real data (synthetic to real) to generalize
to multiple real scenarios, which we summarized as: (1) Direct
approaches: Some methods [7], [13] try to estimate real-world
depth using models trained by synthetic datasets that are easy
to obtain ground truth annotations. However, there is a vast
gap between synthetic and real-world domains, which essen-
tially limits the performance of real-world depth estimation.
(2) Domain adaptation based methods: In order to bridge the gap
from synthetic to real, an intuitive consideration is to directly
convert the synthetic domain images into the real, including
reducing the gap of the domain in the image level [12], [16]
or feature level [17], [18], [19]. The above methods are domain
adaptation based methods that require both synthetic domain
and real domain images for training to reduce the domain gap.
Nevertheless, a large number of real-world images of various
scenes are hard to obtain. (3) Domain generalization based
methods [20]: To relieve the above limitations, synthetic to
real domain generalization methods only use labeled synthetic
data for training, and directly test in several real data scenes,
which is a more difficult task because the style of real data
cannot be obtained during training. These approaches aim to
learn a depth specific feature map for depth estimation of both
synthetic and real-world images using only synthetic datasets,
and enhancement operations are commonly utilized on the depth
specific feature map, thus obtaining good generalization results
on the real datasets. However, the pre-trained encoder obtained
with both synthetic and additional real-world images is com-
monly needed to obtain the depth specific features in these
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approaches, which brings in new domain problems and limits the
performance of the depth specific feature map. Besides, simple
attention operation is commonly utilized to enhance the depth
specific feature map, and limited improvement can be obtained.

In order to relieve the above limitations, we expect to find
the essential expression of information for depth estimation. We
propose a novel domain generalization based framework, which
learns multi-scale domain generalizable depth features from the
feature level for depth estimation, and only synthetic data is
used for training without any real data. Previous work [20],
[21] has proved that the structures and textures of images
play key important roles in observing depth, while style and
illumination, etc., are disturbance terms for depth perception.
Therefore, we aim to relieve the influence of disturbance terms
and extract domain invariant components from the images for
depth estimation. To obtain domain invariant components with
better generalization, we first extract initial depth features from
the image with reconstruction and contrary losses, and enhance
the initial depth features using the adaptive guidance fusion
module to strengthen the domain invariant information inspired
by [17], [22], and finally obtaining intensified depth features that
are domain generalizable for input into the subsequent depth
estimation network. Note that the domain generalizable depth
features are invariant for different domains. And we expect to
learn domain generalizable depth features at the multi-scale
feature levels, thus obtaining better generalized depth maps and
further narrowing the synthetic-to-real domain gap.

To obtain domain generalizable features for depth estimation,
we propose a framework, i.e., AGDF-Net, to separate images
into multi-scale initial depth and weak-related depth parts using
two network branches constrained by reconstruction loss and
contrary loss. The initial depth part should be depth related in-
formation, which is similar to [20], [21], while the weak-related
depth part should contain the disturbance terms of depth esti-
mation. Then, the extracted initial depth features are enhanced
by the adaptive guidance fusion module to obtain intensified
depth features. Specifically, at each scale, the intensified depth
features of the previous scale are used to enhance the extracted
initial depth features with the adaptive guidance fusion module.
The largest scale is guided by features extracted from the color
image. The purpose of this adaptive guidance fusion module is
to make the network pay more attention to the domain invariant
parts. This module can enhance the initial depth features to
further eliminate the disturbing information and recover the
domain invariant information as well. Finally, the intensified
depth features that are domain generalizable are obtained for
subsequent arbitrary depth estimation networks, and constrained
by depth loss. In general, the practical design of our framework
(initial depth branch, weak-related depth branch and adaptive
guidance fusion module) and different kinds of losses (contrary
loss, reconstruction loss and depth loss) used to constrain feature
extraction can help obtain domain generalizable features for
depth estimation.

Fig. 1(b) and (c) show the visualization of the initial depth
and weak-related depth features extracted by our AGDF-Net.
The initial depth features contain more obvious structural in-
formation, especially on the object areas and the corresponding

Fig. 1. Visualization of the learned intermediate features and depth maps of
our approach. From top to bottom: (a) Input Image, (b) Initial Depth Feature, (c)
Weak-related Depth Feature, (d) Intensified Depth Feature, and (e) Depth Map.
The first and second columns represent the features learned on the synthetic
dataset (vKITTI) of different image styles, and column 3 represents the features
learned on the real-world dataset (KITTI). Additionally, the initial depth feature
and weak-related depth feature in (b) and (c) are the single-channel features
of fDin (1) and fDwr (2) at maximum resolution, which are summed at the
channel level for display. The intensified depth feature is the single-channel
feature, which is the output of the intensified branch.

edges. Weak-related depth features are the remaining informa-
tion separated from the image. Fig. 1(d) shows the intensified
depth features, which are enhanced in domain invariant areas for
depth estimation, and further weakened and almost eliminated
in object interiors texture, etc. Meanwhile, the depth estimation
results in Fig. 1(e) have distinct object boundaries, which also
demonstrate generalization abilities in both synthetic and real
domains. Note that the first and second columns in Fig. 1 show
the results of different style images with similar initial depth
features and almost the same intensified depth features, while
weak-related depth features have different strengths for different
styles.

The main contributions of our paper can be summarized as:
� We propose an effective domain generalizable depth fea-

ture extraction framework (AGDF-Net), which separates
the image into initial depth and weak-related depth com-
ponents to efficiently extract depth related information for
cross-domain generalizable depth estimation;

� An adaptive guidance fusion module is designed to suffi-
ciently reuse and intensify the extracted initial depth fea-
tures at multi-scale levels to get intensified depth features
that are domain generalizable. This module can further
enhance the domain invariant components for depth es-
timation. Finally, generalize well to unseen real domains
after training only on synthetic domains;

� Without using any real-world dataset, our AGDF-Net can
be well applied to the various depth estimation datasets
(i.e., KITTI [23], NYUDv2 [24], NuScenes [25], Driving-
Stereo [26] and CityScapes [27]) and achieve state-of-the-
art performance, more applicable to practical scenarios.
Furthermore, the experiments using a small amount of
labeled real-world data in a semi-supervised setting also
demonstrate the superiority of our AGDF-Net.

The rest of our paper is organized as follows. We intro-
duce and discuss the related work in Section II. Then the
proposed AGDF-Net is introduced in Section III, including
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the framework pipeline, image separation design, adaptive
guidance module and loss functions. We give details of the
experimental settings and show more detailed analysis in Sec-
tion IV, including results of generalization experiments on var-
ious datasets (i.e., trained on vKITTI [28] and SUNCG [29],
evaluated on KITTI [23], NYUDv2 [24], NuScenes [25], Driv-
ingStereo [26] and CityScapes [27]); comparative experiments
in semi-supervised settings; detailed analysis and validation of
each module in the framework. Finally, we conclude the paper
in Section V.

II. RELATED WORK

With the great success of deep convolutional neural net-
works, DCNN-based monocular depth estimation methods have
achieved exciting depth perception capabilities by studying the
neural network structure or borrowing auxiliary information. In
this section, we first introduce the progress made by previous
monocular depth estimation methods, then introduce the related
developments of domain adaptation methods, and finally, we
discuss cross-domain depth estimation methods that have begun
to receive attention in recent years.

A. Monocular Depth Estimation

Monocular depth estimation takes a color image as input
and estimates the depth map through the encoding-decoding
network [7], [30]. This task can be divided into image-only depth
estimation tasks [13], [31] and depth completion tasks [32],
[33], [34] with the help of other sensors, where image-only
depth estimation tasks can be further divided into supervised
and self-supervised methods. For supervised depth estimation
methods, some approaches modify the structure of the network
module to improve the depth estimation performance [8], [31],
and some methods combine other tasks to help improve depth
estimation performance, such as surface normal [35], [36],
segmentation [37], [38] and optical flow [39], etc. For depth
completion tasks, images are combined using related sensors
such as LiDAR to obtain more accurate depth results. Most
methods improve the completion accuracy by designing a feature
fusion module [22], [40], [41]. All of the above approaches
require obtaining annotated depth ground truths for training.
Obtaining annotated depth ground truths requires additional
sensors and algorithms to align with the color images, which
is costly and time-consuming. Subsequently, self-supervised
depth estimation methods appeared to solve the above prob-
lems. Self-supervised monocular depth estimation methods do
not require labeled data for training, avoiding costly and time-
consuming problems. Some methods are trained by estimating
inter-frame poses and warping inter-frame images [13], [14],
and other methods are trained by stereo matching [42], [43].
Most of the above methods are trained on a specific dataset and
validated in a single domain, and all achieve superior results
on specific datasets. These methods aim to achieve better depth
estimation results on a single dataset, ignoring the multi-scene
generalization of a single model. When generalizing to other
scenes, the network estimation results will fail. In this work, the
generalization of the network is paid attention to, and we aim to

obtain an essential representation of depth estimation, and use
this representation to learn depth, which generalizes well to real
datasets from networks trained only on synthetic datasets.

B. Domain Adaptation and Generalization

Domain adaptation is a task that trains on one or more related
source domains and the unlabeled target domain, and tests in
the target domain [44]. This task is to bridge the gap between
the source domain and the target domain by fine-tuning the
network with target data to diminish the domain shift [45],
[46], [47], using domain discriminators to encourage domain
confusion through an adversarial objective [48], [49] and using
data reconstruction as an auxiliary task to ensure feature invari-
ance [17], [18]. [50] proposes a novel parameter-free adaptive
feature norm approach for unsupervised domain adaptation by
progressively adapting the feature norms of the two domains to
a large range of scalars. [51], [52], [53] obtain stable action
recognition results by narrowing the gaps between different do-
mains(modalities, data forms and views), where [51] enhances
action recognition in vision-sensor modality (videos) by adap-
tively transferring and distilling the knowledge from multiple
wearable sensors, [52] enhances action recognition in videos by
transferring knowledge from images using video keyframes as
a bridge, and [53] addresses recognizing human actions from
varied views by learning view-invariant representations hierar-
chically. Domain generalization is a task which only trained on
the source dataset and tested on the target dataset [54], containing
data augmentation and generation [55], [56], domain-invariant
representation learning and feature disentanglement [57], [58]
and learning strategies such as self-supervised learning [59]
and gradient operation [60], etc. Among them, some methods
transfer the image by decomposing the image into domain
invariant and domain specific components [61], [62], [63]. In
this work, we propose an efficient domain generalizable depth
feature extraction framework that utilizes image separation,
image reconstruction, and domain invariant representation learn-
ing to obtain domain generalizable depth features for depth
estimation results with strong generalization across domains.
In other words, our approach does not require any real-world
data for training, but extracts domain generalizable features
for depth estimation from synthetic images through feature
disentanglement and reconstruction, and finally, superior depth
estimation results with strong generalization are obtained in real
images.

C. Cross-Domain Depth Estimation

Recently, many methods have focused on depth estimation
across domains, including domain adaptation based and domain
generalization based methods. For domain adaptation based
approaches, in order to obtain superior results for cross-domain
depth estimation, these methods are trained on labeled synthetic
data and unlabeled real-world data, and tested on real-world
data. [11], [16], [64] perform feature alignment between the
synthetic domain and the real domain to transfer the depth
estimation from the synthetic domain to the real domain. Specif-
ically, [64] mitigates the inherent shift across domains through
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Fig. 2. Overview of the network architecture. Taking image I as input, the (Ein, Din) and (Ewr , Dwr) are used to extract initial depth features and weak-related
depth features, respectively. Then the initial depth features from Din are fused in Eit and Dit to get intensified depth features (fEit and fDit) that are domain
generalizable. Finally, the intensified depth features are input to DepthNet to get the domain generalizable depth result. The adaptive guidance fusion process is
framed by a red-dotted rectangle. The loss functions in green boxes are introduced in Section III-F.

adversarial learning and explicitly imposes content consistency
on the adapted target representation. [11] take advantage of style
transfer and adversarial training to predict pixel perfect depth on
real-world data by training on synthetic data. [16] uses an image
translation network to enhance the realism of the input image,
and then obtains a cross-domain invariant depth estimation result
through a depth prediction network. [12] proposes a geometry-
aware symmetric domain adaptation framework to explore the
labels in the synthetic data and epipolar geometry in the real
data jointly. The above methods mainly perform cross-domain
depth estimation by aligning the synthetic domain and a single
real domain at the image level or feature level. [65] makes
the model have strong cross-domain generalization ability by
designing consistent loss applicable to multiple datasets. This
method needs to use a large number of real-world datasets and
their corresponding labeled data for training, which is very
costly and time-consuming. For domain generalization based
approaches, these methods focus on the study of model gener-
alization, i.e., training only on synthetic domains and achieving
superior results on real domains. The goal of [20] is to learn a
depth-specific feature to improve generalization, which extracts
structural information using a pre-trained encoder obtained by
synthesizing images and appending real-world images. And use
an additional network to learn a single weight map as an attention
module to attenuate useless information. Our work achieves a
more general representation using an adaptive guided fusion
strategy for domain generalizable feature learning for depth
estimation at multi-scale levels using only synthetic data. It
avoids new cross-domain problems caused by the introduction of
additional datasets, and the enhancement and fusion of features
at different scales can avoid the problem of incomplete informa-
tion purification by a single-scale simple attention mechanism.
Our approach demonstrates that transforming the representation
of domain generalizable features from the single level to the
multi-scale feature levels can lead to more vital generalization
ability.

III. APPROACH

Remarkable progress has been achieved in monocular depth
estimation [8], [13], where the training and testing processes
of most methods are in the same domain. However, the perfor-
mance is heavily limited when training and testing are in differ-
ent domains. To relieve the problem, we propose a generalizable
depth estimation framework by learning domain generalizable
depth features with adaptive guidance fusion, i.e., AGDF-Net,
and we provide more details of the proposed network in this
section.

A. Overview

[20], [21] have proven that structural information is more
related to depth while style and illumination, etc., are disturbance
terms for depth perception. Therefore, our approach aims to
extract domain invariant representations for cross-domain gen-
eralizable depth estimation. As shown in the light yellow area
in Fig. 2, to extract features that are related to depth estimation
preliminarily, taking a color image I as input, our AGDF-Net
first utilizes the initial branch (initial depth encoder and decoder:
Ein and Din) and weak-related branch (weak-related depth
encoder and decoder: Ewr and Dwr) to extract initial depth
features from the color image. The purpose is to extract initial
depth features that are related to depth for depth estimation while
the interferential information can be preliminarily removed. In
this process, contrary loss and reconstruction loss are employed
to separate and extract the two kinds of initial depth features
and weak-related depth features. Precisely, the initial branch
and the weak-related branch extract two kinds of features from
the same image, and these two kinds of features are constrained
by contrary loss to obtain features that are mutually exclusive. In
order to avoid losing information, the reconstruction loss is used
to reconstruct the two features back to the original image, so as
to ensure that the information extracted by the two branches is
different but complementary.
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To further intensify the initial depth features to get domain
generalizable depth features, in the lilac region in Fig. 2, the
intensified branch (intensified depth encoder and decoder: Eit

and Dit) reuses color images to further guide the initial depth
features for feature enhancement, resulting in more effective
domain generalizable features for depth estimation. Specifically,
after obtaining two completely different features, one of the
features (the feature extracted by the initial branch) is sent to
the adaptive guidance fusion module to intensify the multi-scale
initial depth features to obtain multi-scale intensified depth
features (domain generalizable features for depth estimation)
for subsequent cross-domain depth estimation.

Finally, in the light gray area of Fig. 2, arbitrary depth esti-
mation networks can be applied to obtain domain generalizable
depth estimation results. In this process, depth loss is imposed
during training to constrain the predicted depth results.

Better depth results are obtained, domain generalizable fea-
tures for cross-domain depth estimation can be obtained by the
initial branch and adaptive guidance fusion module, and the
remaining information can be separated into the weak-related
branch (with contrary loss and reconstruction loss). Note that
the initial and weak-related branches are for preliminary fea-
ture disentangling. The resulting initial depth features are not
entirely domain invariant for depth estimation. The initial depth
features can be further enhanced using the proposed adaptive
guidance module, where the small texture information is further
eliminated and adequate information is further strengthened.
Finally, the fully decoupled domain generalizable intensified
depth features are obtained for subsequent depth estimation.

B. Initial Feature Extraction

This process aims to extract common information from im-
ages of different domains. Inspired by [17], two encoding-
decoding branches are used to separate images of different do-
mains into initial depth features and weak-related depth features.
These two branches are defined as initial branch (Ein and Din)
and weak-related branch (Ewr and Dwr) as shown in the light
yellow area in Fig. 2.

Initial Branch: The initial branch consists of an initial depth
encoder Ein and an initial depth decoder Din. Ein aims to
extract initial depth encoding features fEin from images of
different domains. Then fEin are fed into Din to extract ini-
tial depth decoding features fDin, and reconstruct the initial
depth map I �in for subsequent image reconstruction. Note that
commonly used ResNet18 [66] encoder is utilized here, and the
process can be formulated as:

fEin = Ein(I)

fDin, I
�in = Din(fEin) (1)

wherefEin = {fEin
1 , . . ., fEin

n },fDin = {fDin
1 , . . ., fDin

n },n
is the number of features extracted at each of the different
encoding/decoding scales. And the shapes of these features are
B × C ×H ×W , where B is the batch size, C is the number
of channels of features, H and W are the height and width of the

features, C,H,W are variable. Similar features in the following
sections have the same shapes and will not be described again.

Weak-Related Branch: The weak-related branch consists of
weak-related depth encoder Ewr and weak-related depth de-
coder Dwr. Ewr aims to extract weak-related depth encoding
features fEwr that are disturbances for depth estimation from
images of different domains. Then fEwr are fed into Dwr to
extract weak-related depth decoding features fDwr, and recon-
struct the weak-related depth map I �wr for subsequent image
reconstruction. The process can be formulated as:

fEwr = Ewr(I)

fDwr, I
�wr = Dwr(fEwr) (2)

where fEwr = {fEwr
1 , . . . , fEwr

n }, fDwr = {fDwr
1 , . . . ,

fDwr
n }, n is the number of features extracted at each of the

different encoding/decoding scales.
Initial Depth Feature Extraction: The purpose of the initial

branch and weak-related branch is to separate the image into
initial depth and weak-related depth parts. According to the
previous work [20], [21], when the neural network observes
depth, structure and texture play a significant role, which is
domain invariant for depth estimation. This is also in line with the
conclusion that humans observe 3D geometry (depth) through
sketches and structures [67], [68]. Therefore, inspired by image
decomposition [69], the initial depth information (related to
depth perception) and weak-related depth information (the re-
maining interference information) separated from the same im-
age should be independent and complementary. In this process,
the initial depth encoding features fEin and weak-related depth
encoding features fEwr are constrained by contrary loss, so that
the two branches can extract different information independently
of each other, where the initial branch is used for domain
generalizable depth estimation. The reconstructed images from
the initial depth and weak-related depth features (I �in and I �wr)
extracted by the two branches can be jointly reconstructed to the
input image, which is formulated as:

I � = I
�in + I

�wr (3)

where I � is the reconstructed image, which should be the same
as the input image I . The reconstructed image I � and the
input image I are constrained by the reconstruction loss. See
Section III-F for the details of the contrary loss (8) and recon-
struction loss (9). Note that only the initial branch is involved
in inference. Visualization and quantitative results are provided
in Section IV to clarify the extracted features and prove the
necessity of our architecture. Please see Figs. 7, and 8, Table VIII
and Section IV-B for details.

C. Intensified Feature Extraction

Our goal is to learn domain generalizable depth features for
cross-domain generalizable depth estimation. To further remove
the influence of interference information for depth estimation,
such as some detailed textures, in this process, we design the
intensified depth branch to further optimize the extracted initial
depth features, removing the residual disturbing information and
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Fig. 3. Details of adaptive guidance fusion. Each subsection in this figure represents: (a) Adaptive guidance fusion, (b) Adaptive guidance module (AG in (a)).

Fig. 4. Visualization of the learned initial depth, weak-related depth and intensified depth features in outdoor scenes. From left to right: (a) Input Image,
(b) Initial Depth Feature, (c) Weak-related Depth Feature, (d) Intensified Depth Feature. The top two rows are features of synthetic images on vKITTI, the bottom
two rows are features of real-world images on KITTI. Note that the brighter the color, the higher the value. Additionally, the initial depth feature and weak-related
depth feature in (b) and (c) are the single-channel features of fDin (1) and fDwr (2) at maximum resolution, which are summed at the channel level for display.
The intensified depth feature is the single-channel feature, which is the output of the intensified branch.

TABLE I
QUANTITATIVE COMPARISON WITH STATE-OF-THE-ART METHODS ON KITTI
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TABLE II
COMPARISON ON KITTI FOR SEMI-SUPERVISED SETTING

Fig. 5. Visualization of the learned initial depth, weak-related depth and
intensified depth features in indoor scenes. From left to right: (a) Input Image,
(b) Initial Depth Feature, (c) Weak-related Depth Feature, (d) Intensified Depth
Feature. The top two rows are features of synthetic images on SUNCG, the
bottom two rows are features of the real-world images on NYUDv2. Note that
the brighter the color, the higher the value. Additionally, the initial depth feature
and weak-related depth feature in (b) and (c) are the single-channel features
of fDin (1) and fDwr (2) at maximum resolution, which are summed at the
channel level for display. The intensified depth feature is the single-channel
feature, which is the output of the intensified branch.

TABLE III
QUANTITATIVE COMPARISON ON NYUDV2

enhancing the domain invariant information for depth estima-
tion. Images contain a large amount of texture information and
have certain corresponding relationships with the depth map
in structure and texture. Therefore, in the intensified feature
extraction process, image information is reused to learn adaptive
convolution parameters to guide the optimization of domain
invariant information.

Intensified Branch: As shown in the lilac area in Fig. 2, the
intensified branch consists of intensified depth encoder Eit and
intensified depth decoder Dit. Eit aims to intensify the initial
depth decoding features fDin with adaptive guidance fusion
(Section III-D), getting intensified depth encoding features fEit.
Then fEit are fed into Dit to extract the multi-scale intensified
depth maps fDit that are domain generalizable for the subse-
quent domain generalizable depth estimation.

D. Adaptive Guidance Fusion

Adaptive Guidance Fusion: The details of the adaptive guid-
ance fusion are shown in Fig. 3(a). At each scale of the neural
network, the image information is combined to guide the opti-
mization of initial depth information with the adaptive guidance
module (AG) to obtain multi-scale intensified depth features.
The whole process can be formulated as:

fEit
0 = Eit

1 (I)

fEit
1 = Eit

2 (AG1(fEit
0 , fDin

1 ))

fEit
2 = Eit

3 (AG2(fEit
1 , fDin

2 ))

. . .

fEit
n�1 = Eit

n (AGn�1(fEit
n�2, f

Din
n�1 ))

fEit
n = (AGn(fEit

n�1, f
Din
n ))

fDit = Dit(fEit) (4)

where fEit = {fEit
0 , fEit

1 , . . ., fEit
n }, fEit

0 is the extracted im-
age feature, fDit = {fDit

1 , . . ., fDit
n }, Eit = {Eit

1 , . . ., Eit
n }, n

is the number of features extracted at each of the different
encoding/decoding scales. AGi means the adaptive guidance
operation on the i-th feature scale. For fEit

i and fDin
i , feature

scales are from large to small as i increases.
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Fig. 6. Visualization of reconstruction images and errors. From top to bottom: (a) Reconstructed Image I �in from Initial Depth Features, (b) Reconstructed
Image I �wr from Weak-related Depth Features, (c) Final Reconstructed Image I �, (d) Input Image I , (e) Reconstruction Error Image. The first two columns are
images on vKITTI, and the last two columns are images on KITTI. The reconstructed image is almost the same as the input image. The darker the reconstruction
error color, the smaller the error, and the overall reconstruction error is kept at a low level.

Fig. 7. Depth prediction using initial depth and weak-related depth features on the KITTI dataset. From left to right: (a) Input Image, (b) Initial Depth Feature,
(c) Initial Depth Prediction Map (din), (d) Weak-related Depth Feature, and (e) Weak-related Depth Prediction Map (dwr). din is clearer in object boundaries,
while the result of dwr has blurred object boundaries and even predicts wrongly. For a quantitative comparison, we compare din and dwr on the Abs_Rel, where
the weak-related depth maps are much worse than the initial depth maps.

TABLE IV
GENERALIZATION ON MORE DATASETS
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