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Abstract

Transferring the absolute depth prediction capabilities
of an estimator to a new domain is a task with significant
real-world applications. This task is specifically challeng-
ing when images from the new domain are collected without
ground-truth depth measurements, and possibly with sen-
sors of different intrinsics. To overcome such limitations,
a recent zero-shot solution was trained on an extensive
training dataset and encoded the various camera intrinsics.
Other solutions generated synthetic data with depth labels
that matched the intrinsics of the new target data to enable
depth-scale transfer between the domains.

In this work we present an alternative solution that can
utilize any existing synthetic or real dataset, that has a small
number of images annotated with ground truth depth labels.
Specifically, we show that self-supervised depth estimators
result in up-to-scale predictions that are linearly correlated
to their absolute depth values across the domain, a property
that we model in this work using a single scalar. In addition,
aligning the field-of-view of two datasets prior to training,
results in a common linear relationship for both domains.
We use this observed property to transfer the depth-scale
from source datasets that have absolute depth labels to new
target datasets that lack these measurements, enabling ab-
solute depth predictions in the target domain.

The suggested method was successfully demonstrated on
the KITTI, DDAD and nuScenes datasets, while using other
existing real or synthetic source datasets, that have a dif-
ferent field-of-view, other image style or structural content,
achieving comparable or better accuracy than other exist-
ing methods that do not use target ground-truth depths.

1. Introduction

Monocular depth estimation is a fundamental problem in
computer vision with numerous scene understanding ap-

Figure 1. Demonstrating various methods for achieving abso-
lute depth predictions on the DDAD target dataset (front camera),
when no GT depth labels from DDAD are available for training.
The AbsRel metric (lower is better) was measured on the DDAD
validation dataset for each presented method. Mixed-supervised
models (j) were trained using self-supervision on both DDAD and
another source dataset (KITTI or Parallel Domain (PD)) and with
full-supervision on source GT depths using the mentioned loss.

plications, such as autonomous driving and navigation
[16, 19, 39, 48], robotics [14, 34, 41] and augmented reality
[13, 32]. Current methods for training Monocular Depth Es-
timators (MDE) include two major methodologies: the first
uses full-supervision [5, 17, 25, 36] or mixed-supervision
[2, 4, 24, 35], where ground-truth (GT) depths are mea-
sured directly by LiDARs or reconstructed using a stereo
setting [11, 33, 40, 45], achieving absolute depth predic-
tions. However, fine-tuning such models on new scenes or
on images collected using different sensors, requires col-
lecting their corresponding depth measurements, compli-
cating the acquisition setup with additional depth sensors
or cameras, increasing setup complexity and costs [14].

Thus, to enable training or fine-tuning MDEs on a new
domain using only images, multiple efforts [10, 21–23, 27,
46, 53] were invested to improve the self-supervised regime.
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Figure 2. Methods for inferring absolute depth from single target RGB images, when no target GT depth measurements are available.

In this approach, two images acquired at different times are
used to predict their depth using projective geometry [31].
Due to the nature of this concept, the scale of the predicted
depth is ambiguous [31]. In this work we refer to predicted
depths that lack real-world scale units as up-to-scale depths.

To compensate for the lack of GT depth measurements
when collecting new data, one might suggest using already
existing datasets collected with GT depths that do have real
world-scale (source dataset), and transferring from them the
depth-scale property to the newly collected images (target
dataset). To show the motivation behind our work and the
non-triviality of such depth-scale transfer between datasets
collected using various sensors, we evaluated different ap-
proaches that might seem intuitive. To demonstrate a real-
world scenario, we selected for the target domain the rela-
tively new DDAD [23] dataset and for the source domain we
selected the well-known KITTI [20] dataset, which was col-
lected using a sensor with a different field-of-view (FOV).

Our various early attempts included zero-shot estimation
(see Figure 2a), fine-tuning using self-supervision on the
target domain, and mixed-supervision on both domains (see
Figure 2c). More details can be found in Sections 2 and 4.3.
However, Figure 1 shows that such methods result in poor
accuracy. A recent work [26] applied mixed-supervision
on the target DDAD images (without using any DDAD GT
depths) and another source dataset, but did achieve high ab-
solute depth accuracy on DDAD (see Figure 1j1).

Thus, what impeded all our early attempts? An addi-
tional investigation indicated that the authors [26] used for
the source domain a synthetic dataset that was specifically
generated with the same intrinsics as the target dataset [1].
However, this effort is costly and needs to be repeated for
each sensor with a different FOV. Thus, in this work we
study an alternative for synthetic data generation for this
purpose, by reusing existing synthetic or even real datasets
with GT depth labels, collected using variate FOVs.

In order to use arbitrary datasets as source domains, we
first studied fundamental aspects of the depth-scale, as pre-
dicted by self-supervised models trained using reprojected
geometry. We show that although such models can predict
only up-to-scale depths, these are linearly correlated with

their respective GT depths, not only per a single image, but
also across multiple images, displaying linear correlation
characteristics per dataset, a property which we refer to in
this work as linear depth ranking. Moreover, we show that
when adjusting images from two different domains to a sin-
gle FOV, under the assumption of similar camera heights,
training the MDE on images from both domains results in
a shared depth ranking scale, regardless of possible domain
gaps [30, 51].

In this work we propose to transfer the depth-scale
between domains by first training the MDE using self-
supervision on images from both the source and target do-
main. Then, we model the relationship between the source
up-to-scale depths and their GT depth values using a single
scaling factor. Finally, we use this factor to scale the target
up-to-scale depth predictions, achieving real-world absolute
depth predictions on the new domain.
In summary, our contributions are as follows:
• We propose a novel depth-scale transfer method that uses

existing source data with GT labels, that does not increase
the computations of the used MDE.

• The suggested method can reuse any existing datasets
with GT labels, real or synthetic.

• Our method achieves comparable or better accuracy on
KITTI, DDAD and nuScenes with respect to existing
depth-scale transfer methods, even when using a vanilla
lite MDE, as long as local motion is filtered out effi-
ciently.

2. Related work

Over the years, various solutions were suggested to over-
come the lack of target GT depth measurements for training
MDEs to predict absolute depth from target images. Here
we cover the main approaches, that are also presented by
category in Figure 2. The first approach is implemented as
zero-shot [44] (see Figure 2a), where a model is trained on
source datasets, and used to infer depth on target images, in
the hope of generalizing well on the new domain. A recent
zero-shot model [29] successfully overcame the geometri-
cal domain gap between the source and the target domain
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by training a transformer-based architecture on a variety of
source datasets (containing more than 700,000 training im-
ages with GT) that were further augmented to support vari-
ous focal lengths. In addition, the camera parameters were
embedded to enable zero-shot capabilities on various target
datasets. In our work, we show an alternative solution to
close the geometrical domain gap that uses only few anno-
tated source samples (validation/test splits, less than 3,000
images) with a significantly lighter model (x50 less parame-
ters). In addition, since our solution also uses target domain
images, it could be re-adjusted to the new domain.

Another line of work used weak-supervision (see Fig-
ure 2b) to train the model directly on target data. Up-to-
scale depth values were scaled during training with non-
depth measurements such as the car velocity [23], its GPS
location [9] or IMU measurements [50] through the rela-
tive translation regularization between frames in absolute
distance units. However, such solutions also require sig-
nals acquisition with dedicated and costly setups. Other
works [28, 47] trained the MDE using self-supervision on
target images from multiple cameras and regularized the es-
timated translation and rotation between the cameras using
the measured pose translation and rotation between them, to
indirectly regularize for the depth-scale. However, such so-
lutions require the use of at least two cameras for collecting
training data and rely on their calibration accuracy.

A variety of works used mixed-supervision (see Fig-
ure 2c) to transfer depth-scale from source datasets with
GT depth labels to new target domains that were acquired
without it. To overcome difficulties arising from training
the MDE on source and target images collected by dif-
ferent sensors types, these solutions used for the source
domain synthetic data that was specifically created with
the same intrinsics, extrinsics and even similar geometri-
cal structures as in the target domain. Thus, a large num-
ber of works were limited to demonstrating their method
only on the target KITTI dataset, while the source data
was taken from the synthetic vKITTI [18] and vKITTI2 [7]
that were specifically tailored to match KITTI. Since real
and synthetic data differ in style, initial attempts focused
on closing these gaps by incorporating style-transfer ele-
ments in the mix-supervision [3, 37, 51, 52], achieving ab-
solute depth predictions. A recent work [26] incorporated
unsupervised domain adaptation principles in the mixed-
supervision, successfully demonstrating depth-scale trans-
fer to DDAD. To achieve this, the authors generated a syn-
thetic source dataset [1] with the same intrinsics of the target
domain. In our work we show an alternative for this step.

Recently, two approaches decoupled the up-to-scale
depth ranking problem of the self-supervised regularization
from the depth-scale estimation. In the first approach, the
MDE was directly trained using self-supervision on target
images. Then, depth-scaling was separately estimated per

target image, by using the known camera height and esti-
mation of the road plane [38, 49] (see Figure 2d). However,
this method requires sufficient visible free road during in-
ference to estimate its plane, which is not always possible
in traffic jams or turns. Our solution does not limit the target
data by such condition.

In the second approach, the depth-scale is estimated by
a module that only uses source data (see Figure 2e). A pre-
vious work [6] suggested to train the MDE on the source
data with self-supervision and an additional regularization
loss to align the depth-scale of all predictions to a single
arbitrary value. Then, the real depth-scale factor was sep-
arately estimated and corrected using GT depth measure-
ments from a few source images. We also evaluated this ap-
proach when applying self-supervision on both source and
target domains using this regularization loss, and estimated
the depth-scale from the source data, but did not achieve
satisfactory results (see Figure 1Z2 and Section 4.3).

In a recent work [42], the authors trained an MDE us-
ing self-supervision on datasets from both source and tar-
get domains. Then, they trained a separate CNN module
with full-supervision using source GT depths to predict the
depth-scale of up-to-scale depth maps. However, also this
solution was demonstrated only on target datasets that have
specially tailored synthetic source datasets.

In our work we also propose to transfer the depth-scale
from another source domain (see Figure 2e). However, con-
trary to previous solutions, we reuse any existing source
data type (real or synthetic), without limiting it to the intrin-
isics (FOV) of the target data. In addition, our depth-scale
modality is implemented using a single scalar, thus does not
increase the computations of the existing MDE.

3. Method
3.1. Depth prediction architecture

To demonstrate the concept behind this work, we selected
for the depth Φ and pose Ψ networks similar designs as used
for Monodepth2 [21], consisting of 4.7M parameters. The
MDE was trained using self-supervision with only a pho-
tometric loss [21], after filtering local motion (see Supple-
mentary material). Such architecture is sufficient for quan-
tifying the effectiveness of the depth-scale transfer between
domains. Additional depth accuracy improvements can be
achieved using more complex architectures [5, 23] or regu-
larization losses [26], but are beyond the scope of this study.

3.2. Adjusting the FOV of the source data to the
target domain

Training an MDE on images collected using different cam-
era FOVs (real or synthetic) introduces significant geomet-
rical differences that a naı̈ve self-supervised training regime
cannot easily compensate for. To enable fine-tuning or
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Figure 3. Overview of our solution. (A) The FOV of source data is adjusted to the target FOV. (B) The depth and pose networks are trained
using self-supervision on both source and target training images (mixed batches). (C) Data from the source domain is used to generate the
GT vs. predicted up-to-scale depths mapping. We apply the linear Theil-Sen regressor to calculate the Gdscale depth-scaling factor for the
trained MDE. (D) Estimated target up-to-scale depths are multiplied by the Gdscale factor, resulting in absolute depth predictions.

training using self-supervision on images collected with
sensors of different FOVs, without breaking the scene ge-
ometrical consistency, we propose to adjust the FOV of the
source images to the FOV of the target images, resulting in
training data with homogeneous FOV and aspect ratio. The
FOV of a camera is calculated as:

�FOV � 2 � atan� w

2f
� (1)

F)) where f is the focal length of the camera and w is
the width of the image, both in pixel units. Let us denote
the camera focal length and the image width in the target
domain by fT and wT respectively, and the camera focal
length in the source domain by fS . To adjust the FOV of
the source images to the target FOV, we center cropped the
source image using the adjusted width wS to wS�T , as fol-
lows (assuming fS @ fT ):

�FOVT � 2 � atan� wT

2fT
� � 2 � atan�wS�T

2fS
� (2)

resulting in:

wS�T � wT
fS
fT

(3)

The adjusted crop height was similarly calculated hS�T �

hT
fS
fT

. Finally, the image crop was resized to the target
image size to enable training on mixed batches. The same
process was applied to the source GT map. In case where
hS�T was higher than hT or fS was larger than fT the crop
was padded, as detailed in the Supplementary material.

3.3. Estimating the depth scaling factor using a lin-
ear estimator

We inferred the trained MDE Φ on the source test split and
then analyzed the relationship between the predicted up-to-

scale depths depthpred and their GT depth values. Since the
training regime was designed to predict depths without any
offset, we expected zero-depth predictions to match zero ab-
solute depth. The GT vs. the predicted up-to-scale depth
scatter plot indicated a linear relationship (see Section 4.1)
across the evaluated data, therefore we chose to model this
relationship using a linear fitter with Gdscale slope and zero
intercept:

depthGT � Gdscale � depthpred (4)

Gdscale was estimated using the Theil-Sen regressor [12]
(see Supplementary material), which was selected due to its
high robustness to outliers. When the relationship was fitted
per image, the slope was noted with Idscale.

A previous work [42] chose to model the relationship
between the source up-to-scale depth map and the depth-
scale factor using a CNN-based network. For comparison
purposes, we also implemented such solution. Additional
details and analyses can be found in the Supplementary.

3.4. Overview of our solution

First, we adjusted the FOV of the source domain data (train
and test splits) to match the FOV of the target domain, as
described in Section 3.2 and Figure 3A. Training images
from both source and target domains were randomly split
into batches of four and used to train networks Φ and Ψ in
a self-supervised manner (see Section 3.1 and Figure3B).

Next, we used the depth network Φ to infer the up-to-
scale depths of images from the test split of the source. We
fit the relationship between these predictions and their re-
spective GT depths (see Section 3.3 and Figure 3C).

Finally, to estimate absolute depths on the target do-
main, we inferred the up-to-scale depth of image i from the
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Our Source-to-Target DST Full-sup. Self-sup. Target-to-Target DST
Target Source �AbsRel �AbsRelnorm scaleratio �AbsRel �AbsRelnorm �AbsRel

DDAD1 KITTI 0.111 0.111 1.00±0.05 0.100 0.120 0.120vKITTI2 0.124 0.127 1.01±0.05

KITTI DDAD9 0.084 0.076 1.00±0.05 0.079 0.087 0.093vKITTI2 0.088 0.075 1.02±0.06

nuScenes1 KITTI 0.165 0.19 0.90±0.05 0.059 0.332 0.425vKITTI2 0.141 0.19 0.94±0.04

Table 1. Comparing the accuracy of our suggested depth-scale transfer (DST) method to other training regimes for the KITTI [43], DDAD
[23] and nuScenes [8] target datasets. Our method is trained using self-supervision on a mix of images from the source and target datasets.
In the last three columns show accuracy of models that are trained directly on the target train split using full-supervision, self-supervision
and self-supervision and scaling using the Gdscale calculated on the target train split.

target test split using the depth network Φ and multiplied
the resulting up-to-scale depths by Gdscale, obtaining target
absolute depth predictions depthi

predabs (see Figure 3D):

depthi
predabs � Gdscale � depth

i
pred (5)

For comparison, we also trained the MDE using full-
supervision with a L1 loss and target GT depths to gauge
the upper threshold accuracy of the used MDE architecture.

3.5. Datasets

KITTI. This dataset [18] is a common benchmark for depth
evaluation. The front cameras have a FOV of 81° and are
located 1.65 m above the ground.
DDAD. This dataset [23] was collected using six cameras.
The front and rear cameras have a FOV of 47°/83° and are
located 1.55 m above the ground. Let us denote the data
collected using the front and rear cameras as DDAD1 and
DDAD9 respectively, following the dataset camera number-
ing convention.
vKITTI2. This dataset [7] was recently released as a more
photo-realistic version of vKITTI [18]. The camera has a
FOV of 81° and is located 1.58 m above the ground.
nuScenes. In our experiments we used only images from
the front camera [8], which has a FOV of 64.8°and located
1.51 m above the ground.

The KITTI, DDAD1 and nuScenes datasets were used
as target domains. For the DDAD1 target domain we used
KITTI and vKITTI2 as source domains. For the KITTI
target domain we used vKITTI2, DDAD1 and DDAD9 as
source domains (thus showing no limitation on the size of
the source focal length) and for nuScenes1 we used KITTI
and vKITTI2 as source domains. Additional details about
these datasets can be found in the Supplementary material.

3.6. Depth evaluation metrics

To measure the accuracy of the predicted absolute depth val-
ues, we used the absolute relative depth accuracy (AbsRel)
metric, without applying any normalization to the predicted

depths [15]. To estimate the accuracy of the predicted up-
to-scale depths, those were normalized first using the ratio
between the medians of the predicted and the GT depth val-
ues (per image) [53], resulting in AbsRelnorm (see Supple-
mentary material).

To assess scaling similarity to GT depth measurements,
we also calculated the median ratio between the GT and the
predicted absolute depths per image, and then averaged this
value across the entire test split, resulting in scaleratio.

4. Results

Figure 1Z1 and Table 1 show that our method was able
to transfer the depth-scale from various domain sources
(real or synthetic) acquired with different FOVs to vari-
ous target datasets, achieving an AbsRel of 11.1% for the
DDAD1 dataset, 8.4% for the KITTI dataset and 14.1% on
the nuScenes1 dataset. The mean predicted depth deviated
on average by less than 6% with respect to the GT depth
(see scaleratio in the fifth column of Table 1), demonstrat-
ing the accuracy and effectiveness of our method.

To estimate an upper bound accuracy of the used MDE
architecture, we also directly trained the MDE with full-
supervision using target GT depths. This training regime
achieved for DDAD1 and KITTI an AbsRel of 10.0% and
7.9% respectively (see Table 1, sixth column). This shows
that our depth-scale transfer method is competitive with
fully-supervised methods that directly use target GT depth
measurements, when controlling for the same MDE archi-
tecture. Additional depth-accuracy metrics, as well as vi-
sual examples of the estimated depth maps can be found in
the Supplementary material.

The AbsRelnorm metric is agnostic to the depth-scale
estimation quality, thus reflects errors related to other fac-
tors such as the limited capacity of the network, insufficient
loss regularization, poor image quality and domain gaps due
to limited training data, etc. The results in Table 1 (third vs.
fourth columns) indicate of a small difference between the
AbsRel and the AbsRelnorm, providing an additional met-
ric to quantify our depth-scale related error.
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All predictions Predictions with AbsRelnorm @ 15%
Target Idscale Gdscale �Pearson Remaining Idscale Gdscale �Pearson

coefficient pixels coefficient
KITTI 85.7±9.3 84.4 0.93 83.6% 84.6±8.3 83.1 0.98
vKITTI2 105.2±16.1 107.5 0.79 61.1% 115.2±11.1 113.4 0.98
DDAD1 124.2±14.1 122.5 0.90 77.6% 125.9±12.3 124.4 0.98
DDAD9 115.7±14.6 118.0 0.85 59.9% 120.9±13.9 121.7 0.97
nuScenes1 70.8±19.2 75.8 0.76 53.0% 70.4±18.0 78.9 0.97

Table 2. Relationship between the GT and the predicted up-to-scale depths of our MDE, when separately trained on various datasets using
self-supervision. Evaluations were done on their test split, using all predictions or predictions with AbsRelnorm @ 15% (remaining pixels
% after the filtering is mentioned in the fifth column). For each data slicing the relationship was separately fitted per image using the linear
model described in Section 3.3. Its mean and standard deviation across all test images is reported in the Idscale column. The relationship
was also fitted using the same model directly on all test images and depicted by the Gdscale factor and the Pearson correlation coefficient.

To evaluate the impact of training the MDE on data from
an additional (source) domain on the depth estimation ac-
curacy of the target domain, we also trained the MDE using
self-supervision directly on the target domain. The results
in Table 1 (fourth vs. seventh column) indicate that training
on additional data did not deteriorate the accuracy of the
model. This was specifically prominent on the nuScenes1
dataset, where training on an additional source of data sig-
nificantly improved the AbsRelnorm metric from 33.3% to
19%, which was also previously reported as significantly
poor [29]. We refer to the reasons behind this significant
improvement in the Supplementary material.

For comparison, we also scaled the self-supervised pre-
dictions using the estimated global Gdscale calculated on
the target data, achieving similar results to the scaling per
image using GT target measurements (Table 1, seventh vs.
eight columns). In the next sub-sections we will present the
analyses that laid the foundations for our suggested inter-
domain depth-scale transfer method.

4.1. Studying per-domain the relationship between
GT and predicted up-to-scale depths

We started our analysis by separately training the MDE on
datasets from various domains. For each trained model the
relationship between the GT and the predicted up-to-scale
depths was analyzed on its respective test split. An MDE
trained using projective geometry [15, 31] is expected to
linearly rank the predicted depth per image [53]. During
training, no additional bias corrections were applied to the
network output, thus we expected GT values close to zero
to be mapped to predicted up-to-scale depths close to zero
(i.e. zero offset) (see Figure 4A). For each evaluated test
split we fit per image the GT to up-to-scale depths using the
linear model described in Section 3.3 (Idscale in Table 2 and
Figure 4C).

A more thorough analysis of the GT vs. the predicted
up-to-scale scatter plot in Figure 4A indicated of a com-
mon linear trend across all test images, achieving a Pearson

correlation coefficient bigger than 0.76 (see Table 2). Mea-
surements were fitted using the linear model described in
Section 3.3 and the calculated Gdscale factor is reported in
Table 2. The scatter plots in Figure 4A revealed that some
measurements are outside of the main linear trend. We hy-
pothesized that these outliers could result from poor up-to-
scale predictions of the MDE. To validate this assumption,
we filtered out predicted depths with AbsRelnorm A15%.
As seen in Figure 4B, the filtering indeed removed the ma-
jority of outliers, increasing Pearson correlation coefficient
to above 0.97. Although the obtained slope might slightly
vary across images (see Figure 4C), their mean is compara-
ble to the slope Gdscale calculated across the entire split (see
Table 2), suggesting that the training process of the MDE
converges the depth ranking per-image into a common lin-
ear ranking scale for all depths in the scenes of the domain
it was trained on.

We hypothesize that the observed Idscale variability
could be explained by imperfect convergence due to non-
optimal training losses, architecture capacity, image qual-
ity, generalization gaps and other factors. Conducting ex-
periments to measure the impact of each factor on the slope
variability across images is beyond the scope of this work;
however, Table 2 shows that when removing poor up-to-
scale predictions (AbsRelnorm A 15%), the variability de-
creased, supporting this assumption.

To reinforce that the observed linearity results from the
projective geometry based loss, regardless of the network
architecture, we also analyzed up-to-scale predictions of a
significantly different architecture, PackNet [23]. This net-
work uses 3D convolutions and a different encoder-decoder
architecture, but was trained with a similar loss. As shown
in the Supplementary material, the predicted up-to-scale
depths of this self-supervised MDE are also linearly cor-
related to the GT depths.

The obtained mean of the slopes per individual image
is similar to Gdscale and their variability is substantially
smaller than their mean. Thus, in this work we evaluated
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how well the single depth-scaling factor Gdscale per dataset
could be used to model the relationship between the GT and
the predicted up-to scale depths.

Figure 4. Scatter plots of the GT vs. the predicted up-to-scale
depth values. Our MDE was separately trained on various datasets
using self-supervision and inferred on test images from the same
domain. (A) All test data. The red line depicts the linear fit applied
on all data (see Eq. (4). (B) Predictions with AbsRelnorm A 15%
were filtered out and the fitting was recalculated. (C) The GT vs.
the predicted depth relationship was similarly linearly fitted per
image and depicted by different green lines.

4.2. Training the MDE on images from two domains

Modeling the GT to predicted up-to-scale depth relation-
ship resulted in highly varying Gdscale values for differ-
ent domains (see Table 3, third column). Thus, even if a
self-supervised MDE is able to linearly rank depths, the
modeled Gdscale is not transferable to other domains. To
demonstrate that Gdscale differences cannot be explained
only by different FOVs, an additional MDE was separately
trained on source datasets after adjusting the source images
to match the target FOV (see Table 3, fourth column). Ap-
plying the source Gdscale on the target, achieved an AbsRel
of 0.225/0.337/0.491/0.123 for each row in Table 3, show-
ing that this step on its own is insufficient.

Gdscale (AbsRelnorm @15%)
Separate Separate Joint
trainings trainings training

Test domain Type S
FOV
ÐÐ�T S

FOV
ÐÐ�T

KITTI T 83.1 83.1 99.3
DDAD9 S 121.7 102.8 99.5
KITTI T 83.1 83.1 100.7
vKITTI2 S 113.4 113.4 106.5
DDAD1 T 124.4 124.4 136.5
KITTI S 83.1 63.9 136.1
DDAD1 T 124.4 124.4 127.3
vKITTI2 S 113.4 127.6 129.2

Table 3. Gdscale values estimated on test splits of various datasets
(first column). Second column indicates which dataset was used
as source (S) or target (T). Third column: two MDEs were trained
separately on the source and the target training datasets; Fourth
column: two MDEs were trained separately on the source and the
target training datasets, the source images were adjusted to the

target FOV (S
FOV
ÐÐ�T); Fifth column: a single MDE was trained on

a mixture of training data from the target and the source domains
after the source images were adjusted to the target FOV.

To overcome the Gdscale high differences between each
pair of domains, we hypothesized that training the MDE us-
ing self-supervision jointly on both the source and the tar-
get datasets could potentially result in ranking the depths of
both domains on a common scale, thus achieving a de facto
inter-domain depth ranking. To enable training on two do-
mains, the images from the source domain were adjusted to
the FOV of the target domain, as described in Section 3.2.
The fifth column in Table 3 shows that training the MDE on
data from two domains resulted in similar Gdscale values
for both the source and the target test splits, suggesting that
the calculated Gdscale on the source data could be applied
also on the target data. Finally, we also evaluated the effect
of incorrect source image resizing to align the size of source
and target image without considering the effect of FOV, we
implemented two naı̈ve alternatives. More details about this
analysis can be found in the Supplementary material.

4.3. Straightforward attempts for depth-scale-
transfer between domains

We report the accuracy of various early approaches that we
implemented in attempt to compensate for the lack of GT
target measurements, as mentioned in Section 1. We started
with a zero-shot approach, where the MDE was trained us-
ing full-supervision with varying losses (L1, SI-log) on the
KITTI dataset. The model was inferred on the DDAD1
dataset, but achieved non-satisfactory results (see Figure
1Q), as expected when the geometry of the target scene is
significantly different. We also evaluated the accuracy of a
fully-supervised model on KITTI, that was fine-tuned using
self-supervision on the DDAD1 target. However, Figure 1�
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shows poor accuracy, due to the loss of depth-scale.
For the mixed-supervision implementation (see Figure

2c), we did not have access to the specially tailored syn-
thetic data (PD [1]) that the authors [26] used as source data
for the target DDAD1 dataset, thus we used as a source the
KITTI dataset. However, this approach obtained unsatisfac-
tory results (see Figure 1j2,3), since retrospectively, these
datasets cannot be straightforwardly mixed together due to
their different geometry (as supported by results in Table 3).

We also trained the MDE using self-supervision on both
the source and target train splits, with an additional regu-
larization loss that aligns the depth-scale of predictions in
both domains [6], and then estimated the depth-scale fac-
tor using GT depths of a few source images (category (e)
in Figure 2). However, this approach also failed to achieve
satisfactory accuracy (see Figure 1Z2). This low accuracy
can be also explained by the inability to straightforwardly
mix together datasets with different FOVs.

4.4. Accuracy comparison to other methods

Finally, we compared our method to other absolute depth
predictors that were trained without any target GT depth
measurements (see Table 4), using the AbsRel metric on
KITTI, DDAD1 and nuScenes1 target domains. These were
described in Section 2 and Figure 2a-e and include zero-shot
[29], weakly-supervised methods [9, 23, 28, 50], mixed-
supervised methods [26, 37] and depth-scale transfer from
target GT depth [38, 49] or source GT depth [42].

The zero-shot model [29] achieved better accuracy on
two out of the three target domains, however it used a signif-
icantly bigger training dataset (700,000 images) and larger
architecture (232.6M parameters vs. 4.7M in our model).
Nonetheless, our suggested method achieved competitive
or better accuracy than the rest of the methods, while us-
ing both existing real or synthetic source datasets, collected
with different FOVs than the target data, without being lim-
ited by road visibility.

5. Discussion
Training or fine-tuning absolute depth estimators on col-
lected images from a different domain without using their
GT depth measurements is an existing challenge with real-
world significance. Current solutions include zero-shot
models that are trained on a large number of labeled images,
mixed-supervised solutions that require generating tailored
synthetic data to resemble the scenes of the new domain or
the target sensors specification, or solutions that estimate
the depth-scale from the target domain using some apriori
knowledge about the camera setup.

In this work we suggested an alternative method that
reuses a relatively small number of existing labeled real or
synthetic images, to transfer from them the depth-scale to

Target Method Ref. Source �AbsRel
[15] [23] [8]

KITTI

Zero-shot [29] Multiple 0.100 - -

Weak-sup
[23] - 0.107 - -
[50] - 0.108 - -
[9] - 0.109 - -

Mixed-sup

[37] CS 0.119 - -
[37] vKITTI 0.120 - -
[26] vKITTI2 0.107 - -

DST-target [38] - 0.113 - -
[49] - 0.118 - -

DST-source

[42] vKITTI2 0.109 - -
Ours vKITTI2 0.108 - -
Ours DDAD9 0.110 - -
Ours DDAD1 0.117 - -

DDAD1

Zero-shot [29] Multiple - 0.100 -
Weak-sup [28] - - 0.130 -
Mixed-sup [26] PD - 0.147 -

DST-source Ours KITTI - 0.111 -
Ours vKITTI2 - 0.124 -

nuSc1

Zero-shot [29] Multiple - - 0.150
Weak-sup [28] - - - 0.186

DST-source Ours KITTI - - 0.165
Ours vKITTI2 - - 0.141

Table 4. Comparing absolute depth estimation accuracy of meth-
ods that do not have access to target GT depth measurements dur-
ing training. nuSc1, CS and PD are abbreviations of nuScenes1,
Cityscapes and Parallel Domain. References in the AbsRel
columns indicate the used evaluation dataset. Training regimes
abbreviations: weak-supervision (Weak-sup), mixed-supervision
(Mixed-sup), depth-scale transfer using source-data (DST-source),
depth-scale transfer using target-data (DST-target).

new domains, emphasizing the insensitivity of this approach
to style or structural domain gaps. Our method leveraged
the observed depth ranking linearity of projective geometry
self-supervision, resulting in a lite-weight solution that does
not alter the MDE architecture.

Although we demonstrated the method using a self-
supervised vanilla architecture and efficient local motion fil-
tering, we achieved competitive or better results than other
existing solutions. More advanced architectures and losses
can independently improve the up-to-scale depth predic-
tions, which in turn impact the accuracy of the absolute
depth predictions, even when using an ideal depth-scaling
factor. We postulate that more accurate self-supervised
MDEs can also reduce the variability of the GT to up-to-
scale relationship across images, thus enabling a better gen-
eralization of the single depth-scale correction factor.

Finally, the suggested solution is also highly applicative
for continuous learning, where depth models require adjust-
ments to new scenes, without the need to collect additional
GT depth measurements.
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