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Abstract— We propose MaskingDepth, a semi-supervised
learning framework for monocular depth estimation. Mask-
ingDepth is designed to enforce consistency between the depths
obtained from strongly-augmented images and the pseudo-
depths derived from weakly-augmented images, which enables
mitigating the reliance on large ground-truth depth quantities.
In this framework, we leverage uncertainty estimation to
only retain high-confident depth predictions from the weakly-
augmented branch as pseudo-depths. We also present a novel
data augmentation, dubbed K-way disjoint masking, that takes
advantage of a naive token masking strategy as an augmen-
tation, while avoiding its scale ambiguity problem between
depths from weakly- and strongly-augmented branches and
risk of missing small-scale objects. Experiments on KITTI and
NYU-Depth-v2 datasets demonstrate the effectiveness of each
component, its robustness to the use of fewer depth-annotated
images, and superior performance compared to other state-of-
the-art semi-supervised learning methods for monocular depth
estimation.

I. INTRODUCTION

Monocular depth estimation, aiming to predict a dense
depth map from a single image, has been one of the most
essential tasks in numerous applications, such as robotics [1],
augmented/virtual reality [2], or autonomous driving [3].

As a pioneering work, Eigen et al. [4] first introduced deep
learning-based approach, and several following works [5],
[61, [71, [8], [9], [10], [11], [12], [13] have achieved higher
accuracy throughout the years. These methods were mostly
formulated in a supervised learning regime, which requires
a large number of images and corresponding ground-truth
depths. However, these data are notoriously challenging to
obtain [14], [15], compared to other types of annotation,
such as image class labels [16] or segmentation labels [17].
To overcome this problem, self-supervised learning tech-
niques [18], [19], [20], [21] have emerged, which formu-
late monocular depth estimation as an image reconstruction
problem. Although this seems to be an attractive solution,
these methods often require extra data, such as stereo pairs or
video sequences which are not always available.In addition,
they are known to often generate blurred depth at object
boundaries [22], [23].

Some works [24], [25] have attempted to propose semi-
supervised learning approaches by simply combining super-
vised learning and self-supervised learning [18], [19], [20],
but they directly inherit limitations of existing self-supervised
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(a) RGB images
Fig. 1: Effectiveness of our approach. Our semi-supervised
learner, dubbed MaskingDepth, produces high quality depth
maps compared to supervised baseline by effectively lever-
aging a large amount of unlabeled data.

(b) Baseline (c) MaskingDepth

learning methods. Some works using stereo matching-based
knowledge distillation [26], [27], [22] have also been pro-
posed. However, they are constrained by the need for stereo
image pairs and additional computation costs for training a
stereo matching model.

In this paper, for the first time, we present a novel semi-
supervised learning framework for monocular depth estima-
tion, called MaskingDepth, based on an uncertainty-aware
consistency regularization. Our framework enforces con-
sistency between depths obtained from strongly-augmented
images and pseudo-labels obtained from weakly-augmented
images, while the uncertainty estimation technique [28], [29]
aids depth consistency and facilitates convergence by filtering
out the noise of pseudo-labels.

To apply perturbations to an input image in the consis-
tency regularization, we propose a new data augmentation,
called K-way disjoint masking, inspired by token masking
strategies for Transformers [30], [31], [32]. Although the
naive masking technique [30], [31], [32] yielded superior
performance on classification tasks such as image classifica-
tion and semantic segmentation, adopting this to monocular
depth estimation as data augmentation, which heavily relies
on context information, may cause scale ambiguity and omit
the context of small objects [32]. To overcome this, the K-
way disjoint masking jointly decodes scattered tokens that
are encoded from a K-disjoint set of tokens independently,
and thus mitigates the scale ambiguity and restores the full
context from the image while introducing masked interaction
in self-attention of encoders as a perturbation during training.
In our framework, we encourage depth and feature consis-
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Fig. 2: Overview of MaskingDepth architecture. It consists of two main components; a branch using full tokens (top),
and a branch using K-way disjoint masked tokens (bottom), where K-number of subsets are encoded independently and
concatenated before decoding. We use consistency loss L4, to make predictions between original and augmented images
consistent, aided by an uncertainty measure. Feature consistency loss Ly is also applied to facilitate the convergence.

tencies across two branches from two augmented views by
K-way disjoint masking.

In the experiments, we evaluate MaskingDepth on standard
benchmarks, including KITTI [14] and NYU-Depth-v2 [15],
showing outstanding performance compared to previous
methods. We validate each component through an extensive
ablation study.

II. RELATED WORK

A. Monocular Depth Estimation

Monocular depth estimation aims at estimating a depth
from a single image. [4] first tackled this task with deep
neural networks. Since then, several approaches [5], [6], [7],
[81, [9], [10], [11], [12], [13] based on supervised learning
have been presented to improve performance. Although these
methods have achieved remarkable accuracy over traditional,
handcrafted approaches [33], [34], their success depends on
massive amounts of ground-truth depth maps that require a
labor-intensive process for collection and cleaning [14], [15].

To address this limitation, self-supervised learning meth-
ods [35], [19], [20] formulate image reconstruction problem,
leveraging geometric information. They have emphasized the
importance to mitigate the dependency on annotations, but
often produces indistinct depth result near object bound-
aries [22], [23]. Unlike both of the aforementioned ap-
proaches, there has not been much work on semi-supervised
depth estimation. [24], [25] simply combined supervised and
self-supervised loss functions. Recently, several works [36],
[27], [37], [38] have attempted to distill stereo knowledge
for monocular depth estimation. However, they are still
constrained by the need for specific data (stereo pairs)
and additional computation cost (training a stereo module).
Our framework alleviates the reliance on labeled data by
leveraging consistency regularization to use unlabeled data.

B. Token Masking

Token masking has been widely used to learn repre-
sentations by reconstructing images that are corrupted by
masking [30], [31], [32]. After BERT [39] proposed the
masked language modeling task, one of the most successful
methods for pre-training in NLP, related works have explored
a variety of masked image prediction strategies suited for
Transformers [30], [32]. ViT [40] studied a masked patch
prediction to facilitate representation learning, and BEiT [30]
extended upon this by predicting discrete tokens. Recent
literature [31], [32] introduce an extremely simple yet ef-
fective approach. Masked autoencoder (MAE) [32] utilizes
only unmasked tokens to encode meaningful representations.
In addition, MRA [41] leverages this strategy to generate
augmented images. In this paper, we propose an effective
data augmentation strategy that leverages token masking.

III. METHODOLOGY
A. Problem Formulation

Let us denote a color image and its corresponding depth
map as I and D, respectively. The objective of monocular
depth estimation is to learn a mapping function f(-) from the
image I to its corresponding depth D such that D = f(I).
Recent learning-based methods formulate the mapping func-
tion with convolutions [4], [6] or Transformers [42], [43] as a
neural network fy with parameters 6. To train the monocular
depth estimation networks fp in a supervised manner, the
ground-truth Dy is required, but building large-scale dense
depth data is notoriously challenging [35], [44]. In addition,
to alleviate depth capture errors, post-processing [45], [25]
is essential, which introduces further burden.

B. Motivation and Overview

In this paper, we present a novel semi-supervised learning
framework that facilitates the model to learn monocular depth
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(a) Masked RGB images (b) Depths (weak)

(c) Depths (strong)

(d) Difference maps

Fig. 3: Effectiveness of our masking strategy to handle scale ambiguity: In (a), naive masking is applied above and our
masking is applied below. Our masking shows dividing independent subsets. The first row of (b) and (c) are naive masking
results, and the second row of (b) and (c) are our masking results. In (d), we visualize the difference map between (b) and
(c). We denote the mean scale difference in the boxed area. Our method better generates scale-consistent results, which in
turn helps to better learn the monocular depth estimation networks.
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(a) Naive token masking (b) K-way disjoint masking

Fig. 4: Illustration of masking: (a) naive token mask-
ing [31], [30] and (b) our K-way disjoint masking. Com-
pared to naive masking, K-way masking consistently well
produces dense depth maps because it considers the entire
set of tokens during decoding, while providing sufficient

perturbations to the inputs.

estimation on a large number of unlabeled data with limited
depth annotations by introducing consistency regularization
between two differently augmented views from the same
image. Compared to other semi-supervised learning meth-
ods [24], [36], [27], [37], [38], [25] that require the dataset
consisting of stereo pairs or a sequence of frames for training
a stereo network or reconstructing an image, our approach
does not have the dependency problem.

Given an image I, we build two different branches, one
for processing an image passed through weak augmentation
(called weak branch) and the other for a strongly augmented
image (called strong branch), where the consistency between
the two images through the networks fy is encouraged. In
particular, a weakly-augmented image [ycax and a strongly-
augmented image Isong are fed to the network fs, and then
consistency is defined as follows:

L= D(Sg(fe(—[weak))af@(Istrong)), (1)

where sg(-) is a stop-gradient operation [46] and D(,-) is
a distance function like mean squared error (MSE) [47].
In this setting, we can interpret fp(Iyeax) as a pseudo-
label. To effectively implement this strategy, appropriate data
augmentation techniques are important.

However, it is challenging to make difference between
two branches since depth-specific data augmentation tech-
niques have been rarely studied in monocular depth estima-
tion [48], [49]. Furthermore, conventional data augmentation
techniques such as crop [50] and rotation [51], effective in
classification, are no longer effective for monocular depth
estimation as they can lead to geometric inconsistency [52]
between the two branches.

To address this issue, we present a novel data augmenta-
tion technique, inspired by token masking [31], [32], which
allows for generating geometrically consistent depth maps
while applying sufficient perturbations to the inputs. As
illustrated in Fig. 2, our framework follows the backbone
model fp by consisting of a Transformer-based encoder

¢ ¢, which takes a tokenized image and outputs encoded
features, and a CNN-based decoder fedeC [13]. In addition,
we encourage not only feature similarities [30] but also depth
similarities between the two branches processing the two
augmented views. To aid the latter, we present uncertainty
estimation [28], [29] that helps the convergence of training
by filtering out the noise of pseudo labels.

C. Naive Token Masking and Its Limitations

Recent token masking techniques for Transformers [30],
[31], [32], [41] have shown their effectiveness as data aug-
mentation. The most naive way to formulate token masking
techniques as augmentation is to simply mask out the tokens.
Specifically, given an image I € R"wX3  we reshape
it into a sequence of flattened non-overlapped 2D patches
X € RV*XP where h x w is the resolution of the original
image, P = p X p x 3 and p X p is the resolution of
each image patch, and N = hw/p?. These flattened 2D
patches X are embedded by a trainable linear projection [40]
operator, which proceeds to be fed into the Transformer
encoder fg"°. By applying the randomly sampled mask, the
sequence of flattened 2D patches X can be transformed
into X’. Also, similar techniques were used to increase the
robustness of Transformers for image-level or pixel-level
classification [31], [32].

As shown in Fig. 3, applying the naive masking strategy
to monocular depth estimation causes scale ambiguity issue.
Since this task inherently has scale ambiguity problem,
there are multiple scale values to construct depth maps on
the missing region while keeping coherence with the given
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Fig. 5: Quantitative results on the KITTI dataset in a sparsely-supervised setting. ‘Baseline’ only uses a sparse depth,
and ‘Self’ indicates existing self-supervised strategies [35], [20]. ‘Ours’ indicates the proposed semi-supervised framework.

context. Also, there is the risk of missing out small-scale
objects due to heavily dependency on contextual information.

D. K-way Disjoint Masking

To overcome the limitations of naive masking, we present
a K-way disjoint masking technique, where a K-disjoint
set of tokens are encoded independently, then concatenated
and decoded simultaneously, as illustrated in Fig. 4. Similar
to naive masking, our K-way disjoint masking introduces
masked interaction in self-attention of encoders as a pertur-
bation during training. But, by capturing the entire scene
from the partially divided inputs, our method can reduce
inherent ambiguity [53] and lead to coherent results, as
shown in Fig. 3. Moreover, since it ensures scale consistency
by keeping the image size and orientation unaltered, our
method can act as data augmentation.

Specifically, we divide the sequence of flattened 2D
patches X € RV*F into K non-overlapping subsets X}
for k € {1,..., K}, with X}, € RM*P where M is set to
be a random value smaller than N to avoid learning with a
fixed size of the tokens set. In other words, the concatenation
of all X}, tokens should reconstruct the original token repre-
sentation X, while maintaining the proper position ordering
such that

X = [X1, Xo, ..., XK, 2)

where [-,-] denotes a concatenation operator. By indepen-
dently encoding X}, to the latent vector z; such that z; =
fg“C(X &), unlike original Transformer-based encoding, i.e.,
z = f§"°(X), the limited attention candidates are consid-
ered when running self-attention computation, which in turn
implements an augmentation over tokens.

Then, to decode all the z;, we reassemble them as z =
[z1, 22, ..., Zx| and obtain the final depth D = f§(z).

In our framework, we control the intensity of augmenta-
tions to the networks by adjusting K. In our experiments,
we empirically set K = 1 for the weak branch, and K = 64
for the strong branch, which generate decoded depth maps
Dyeax and Dggrong, respectively.

E. Loss Functions

To train the networks, we adopt a sparse supervised loss
and the proposed unsupervised loss. In addition, we adopt a
loss for modeling the uncertainty of the pseudo ground-truth
produced by the weak branch and a feature consistency loss.
|- 1] and || - ||2 are ¢; and ¢5 loss functions, respectively.

Supervised loss. When sparsely depth-labeled data is avail-
able to train the network, we can minimize the supervised
loss function L4 between the predicted D and sparse
ground-truth D, such that

Lg = |[D = Dygills- ®)

A small number of fully annotated data used in a supervised
manner across both branches allows the network model to
ignite the learning process, which is then carried out mainly
on unlabeled data through consistency regularization.

Depth consistency loss. Our loss function encourages depth
prediction of the strongly-augmented image to be close to
the prediction of the weakly-augmented image, enabling
pixel-level learning without the need for annotated ground-
truths, thus it serving as an effective solution to data hunger
caused by sparse annotations. The depth consistency loss Lqc
assisted by the uncertainty map U (Dyeax) can be written as:

”Sg(Dweak) - Dstrong ”1
Sg(U(Dweak))

where U(D) denotes the uncertainty map related to the
predicted depth map D.

Uncertainty loss. To filter out the noise on pseudo labels,
we train the uncertainty module. This module, which is
a key ingredient in our framework, allows for transferring
only reliable depth knowledge from weak branch to strongly
augmented branch. To model such uncertainty, we leverage
a negative log-likelihood minimization [28] as:

Euc _ ||Dweak - Dgt”l
U(Dweak)

By training the network to model its uncertainty, predictions
on unlabeled data will be trusted if highly confident.
Feature consistency loss. Within our framework, geometric
distortions are not applied to the two branches, thus the
encoded feature consistency can also be encouraged. The
feature consistency loss is then defined as

‘Cfc = ||zweak - h(zstrong)HQ, (6)

where h(-) is the additional MLP predictor head, which
provides better results as shown in the literature [46], [54]
and prevents collapse [55].

Total loss. By considering all the loss terms, the final loss
is defined as £ = Lgt + AgcLdc + AucLuc + AscLsc, Where
Ades Aucs and Ag. represent hyper-parameters.

Lac = “4)

+ log(U(chak))» (5)
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(a) RGB images
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Fig. 6: Qualitative results on the KITTI dataset [14]: (a) RGB images, predicted depth maps by (b), (d) baseline, and
(c), (e) ours using 100 and 10,000 labeled frames, respectively.

100 frames

(a) RGB images
Fig. 7: Qualitative results on the NYU-Depth-v2 dataset [15]: (a) RGB images, (b) ground-truth depth maps, and predicted
depth maps by (c), (e) baseline, and (d), (f) ours using 100 and 10,000 labeled frames, respectively.

(b) GT depths (c) Baseline

IV. EXPERIMENTS
A. Implementation Details

We implemented our MaskingDepth with the PyTorch
library [56]. We conduct all our experiments on 24GB RTX-
3090 GPUs, using DPT-Base [13] as a backbone model.
We set the learning rate to 10~° for the encoder and 10~*
for the decoder. The encoder is initialized with ImageNet-
pretrained [57] weights, whereas the decoder is initialized
randomly. We train the entire model with batch size 8 and
use Adam optimizer with 5; = 0.9 and 8> = 0.999.

To avoid collapsing, we balance the ratio of labeled and
unlabeled data in one batch to 1:7 similarly to [16]. Besides
our new data augmentation approach, we adopt flipping
and jittering, widely used in the literature [58], [59]. For
confidence estimation, we train the network to predict the
log variance because it is more numerically stable [28]
than regressing the variance itself, as the loss avoids any
division by zero. We use an identical hyperparameter set (i.e.,
Auwe = 1, Age = 1, Age = 1, K = 64 for strong augmentation)
for all experiments unless otherwise specified.

B. Experimental Settings

Datasets. We first evaluate the performance of Mask-
ingDepth and others on the KITTI dataset [14] and NYU-
Depth-v2 [15]. The KITTI dataset [14] provides outdoor
scenes captured by 3D laser data. The RGB images are
resized to 640 x 192 resolutions for training. We follow the
standard Eigen training/testing split [4]. We use randomly
sampled 10,000, 1,000, and 100 images from 24K (i.e., left
frames in the Eigen training split) for labeled images during
training. We evaluate our trained model on 652 annotated test

(c) Ours

10,000 frames

(d) Baseline (e) Ours

10,000 frames

s
TR S ———

(d) Ours (e) Baseline (f) Ours

images for single-view depth estimation, using the improved
ground truth by [45]. The NYU-Depth-v2 dataset [15] is
composed of various indoor scenes and corresponding depth
maps at a resolution of 640 x 480. We train our network
on the same number of labeled images as KITTI, randomly
sampled from the original 40K total. The remaining images
in the training set are used as unlabeled images. We test our
trained model on 654 test images.

Evaluation metrics. In our experiments, we follow the
standard evaluation protocol of the prior work [4] to evaluate
the effectiveness of MaskingDepth. The error metrics are
defined as Absolute Relative error (AbsRel), Squared Rela-
tive error (SqRel), Root Mean Squared Error (RMSE), Root
Mean Squared log Error (RMSElog), and accuracy under the
threshold (< 1.25) (9).

C. Experimental Results

In this section, we investigate the effects of sparse labels
on supervised depth training, and how MaskingDepth is able
to mitigate the degradation of depth maps when the number
of labels is significantly limited. Especially, our method is
useful for improving performance by utilizing vast unlabeled
data in place of expensive ground-truth depth annotations.
Robustness of MaskingDepth. As a baseline, we com-
pare DPT-Base [13] trained on supervised and conventional
semi-supervised manners obtained with self-supervised
losses [35], [20]. Results for the KITTI dataset [14] using
different numbers of supervised frames are shown in Fig. 5.
MaskingDepth outperforms the baseline through consistency
regularization using unlabeled frames

As the amount is further decreased, the performance of all
approaches, except for ours, shows a significant and rapid
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Self-Sup. Data Setting

Method Sup. Video Stereo  Cons. ‘ label  unlabel ‘ AbsRel] SqRel] RMSE| RMSElog] 41

DORN [10] v - - - K - 0.072 0.307 2.727 0.120 0.932
Yin et al. [60] v - - - K - 0.072 - 3.258 0.117 0.938
DPT-Hybrid [13] v - - - K+Mix - 0.062 0.222 2.575 0.092 0.959
DPT-Base (Baseline) v - - - K - 0.071 0.292 2.964 0.107 0.942
DPT-Hybrid (Baseline) v - - - K - 0.068 0.251 2.717 0.099 0.954
Monodepth2* [20] - v v - - K 0.080 0.466 3.681 0.127 0.926
ManyDepth* [21] - v - - - K 0.070 0.399 3.455 0.113 0.941
SVSM FT [61] v - v - K+F K+F 0.077 0.392 3.569 0.127 0.919
Kuznietsov et al. [24] v - v - K K 0.089 0.478 3.610 0.138 0.906
Baek et al. [23] v v v - K K 0.078 0.381 3.404 0.121 0.930
Amiri et al. [25] v - v - K K+C 0.078 0.417 3.464 0.126 0.923
MaskingDepth (DPT-Base) v - - v K C 0.067 0.285 2.932 0.104 0.947
MaskingDepth (DPT-Hybrid) | v - - v K C 0.063 0.235 2.653 0.095 0.958

TABLE I: Quantitative results on the Eigen split of the KITTI dataset [14]. ‘Sup.’ and ‘Self-Sup. (Video and Stereo)’
indicate supervised, existing self-supervised strategies on video and stereo pairs, respectively. ‘Self-Sup. (Cons.)’ denotes
our proposed consistency regularization, which needs no stereo images or video sequences ‘x’ means calibrated scale
results by using the per-image median ground truth scaling [18]. ‘K’, ‘C’, and ‘F’ indicate KITTI [14], Cityscapes [62],
and FlyingThings3D [61], respectively. ‘Mix’ indicates the dataset proposed from [13], containing 1.4M images, which is

approximately 60 times larger than KITTL

Data Setting

Method label unlabel ‘ AbsRel] | RMSE| or

DORN N 0.115 0.509 0.828
BTS N 0.110 0392 0.885
DPT-Hybrid N+Mix 0.110 0357  0.904
DPT-Base (Baseline) N 0.106 0.380  0.899
MaskingDepth (DPT-Base) | N S | 0104 | 0372  0.904

Methods \ L2 distance] Cosine similarity?f
Baseline 1.129 £+ 0.006  0.643 £ 0.001
Naive masking | 0.986 + 0.008  0.743 + 0.003
Ours | 0.625 + 0.002  0.806 + 0.001

TABLE III: Effectiveness of encoded features.

TABLE II: Quantitative results on the NYU-Depth-
v2 [15]. ‘N’ and ‘S’ indicate NYU-Depth-v2 and SUN
RGB-D [63] datasets, respectively.

decline. This is mostly due to the model’s inability to learn
the appropriate scale and structure of a scene with such
sparse information. However, as the labels become sparser,
the performance degradation of our proposed method pro-
gresses more slowly compared to others(baseline and naive
semi-supervised approach using self-supervised losses), and
the performance gap gets larger. Note that when Mask-
ingDepth is incorporated with the existing self-supervised
approach, the performance gain was marginal because the
self-supervised loss function increase inherent scale ambi-
guity [64]. We also provide a qualitative comparison of the
baseline and our method on the KITTI dataset in Fig. 6 and
the NYU-Depth-v2 dataset in Fig. 7.

Comparison to other methods. As our method does not
rely on stereo or video sequence frames, it is agnostic
to the configuration of the unlabeled training set. Table I
compares our semi-supervised method that uses additional
data against existing approaches. We trained our model on
the KITTI dataset [14] as labeled data and the Cityscape
dataset [62] as additional unlabeled data. Our approach used
both supervised loss and uncertainty loss functions for the
labeled data(KITTI), whereas only a consistency loss was
applied to unlabeled data(Cityscape). In this experiment, we
follow image resolution [13]. In the results, our method
achieves significant improvement in comparison to the base-
line by utilizing unlabeled data and surpasses the state-of-the-
art in semi-supervised depth estimation methods. Moreover,

Methods | RMSE|  Std of RMSE | Max of RMSE |
Naive masking ‘ 3.44 £0.05 3.20£0.14 28.29 £+ 1.60
Ours ‘ 2.17 £+ 0.02 1.91 £ 0.05 16.43 + 1.01

TABLE 1V: Instance-wise scale error on KITTI [14].

despite using a smaller model capacity and a fewer annotated
data, MaskingDepth shows competitive performance against
DPT-Hybrid. A similar trend can be seen in Table II, where
our method utilizes the SUN RGB-D [63] dataset as addi-
tional unlabeled data and NYU-Depth-v2 as labeled data.

D. Ablation Study

We analyze the effectiveness of different design choices in
our framework on the KITTI dataset [14]. We exploit 10,000
and 100 randomly sampled annotated images, respectively
for masking strategy and other ablation studies.

Masking strategy. In this section, we extensively analyze
our K-way disjoint masking to prove the effectiveness of
our masking strategy. We evaluate feature similarity between
global interaction and masked interaction in Table III. Our
masking makes the masked interaction follow the global
interaction well and helps to learn good representation while
using naive masking limitedly learns representation. In addi-
tion, to demonstrate that naive masking [31], [32] definitely
leads to scale ambiguity in monocular depth estimation, we
evaluate instance-wise scale error in Table IV. Fig. 8 shows
missing objects, even when instances are not entirely masked.
Since our augmentation captures the entire scene, it reduces
the inherent scale ambiguity compared to naive masking.

Loss functions. We examine each component of the loss
function in our method. It consists of four components:
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Methods | D U F | AbsRel | RMSE] &t

Baseline \ - - - \ 0.136 4.585 0.833
v - - 0.132 4.355 0.848
Ours v v - 0.126 4.296 0.851
- - v 0.131 4.422 0.849
v v v 0.124 4.263 0.855

TABLE V: Ablation study on main components: Depth
consistency (D), uncertainty (U), and feature consistency (F).

the sparse supervised term, the depth consistency term,
the feature consistency term, and the uncertainty term. To
evaluate the impact of each component, we start by using
only the sparse supervised loss as a baseline and then study
the effect of adding each of the other three components. As
shown in Table V, the performance of our network improves
as each component is added. We can see that using all
components together leads to a significant improvement.
The number of K. To study the influence of the masking
ratio, we train the network by adopting different values of
K for the strong branch, respectively K = 4, 16,64, and
128. Table VI shows the quantitative evaluation results for
this study. Starting from K = 4, the error decreases with the
increase of K, until degrading for K = 128. We set K = 64
as the default since it yields the best results.

Predictor head. To improve representation power of the en-
coder, we consider feature consistency loss between encoded
features. When the predictor head was removed, collaps-
ing occurred and training did not proceed. Our framework
without predictor head is conceptually analogous to naive
Siamese network, which could not avoid collapsing [55]. In
this set of experiments we evaluate the performance of the
predictor head used for providing better results in feature
consistency loss. Results are shown in Table VII. Although
one block of Transformer and MLP showed comparable
performance, a simple MLP layer is much more efficient.

V. CONCLUSION

In this paper, we presented MaskingDepth, a novel semi-
supervised framework for monocular depth estimation using
consistency regularization. MaskingDepth leverages depth-
unlabeled images without requiring stereo or sequential
frames. We proposed a data augmentation method, K-
way disjoint masking, which produces scale-consistent depth
maps and stabilizes the consistency regularization frame-
work. Additionally, uncertainty estimation effectively miti-
gates performance degradation by filtering noise on pseudo
labels. Our method showed significant improvement on ex-
tremely sparse labeled data and outperforms other semi-
supervised approaches.

(c) Depths (weak)
Fig. 8: Missing object cases of naiVe masking on the KITTI dataset [14]: (a) RGB images, (b) masked RGB images,
(c) depth maps predicted from (a), (d) depth maps predicted from (b), and (e) difference maps between (c) and (d).

(d) Depths (strong) (e) Difference maps

K | AbsRel | RMSEJ &t

4 0.131 4.456 0.850
16 0.128 4.298 0.855
64 0.124 4.263 0.855
128 0.132 4.382 0.849
TABLE VI: Influence of the number of K.
Method | Blocks | AbsRel | | &1
w/o head - 0.317 0.423
Transformer 1 0.125 0.856
Transformer 2 0.129 0.848
MLP 2 0.124 0.855
TABLE VII: Comparison of different predictor heads.
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