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URCDC-Depth: Uncertainty Rectified
Cross-Distillation with CutFlip for
Monocular Depth Estimation
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Abstract—This work aims to estimate a high-quality depth
map from a single RGB image. Due to the lack of depth
clues, making full use of the long-range correlation and local
information is critical for accurate depth estimation. To this end,
we introduce an uncertainty rectified cross-distillation between
the Transformer and convolutional neural network (CNN) to
achieve a comprehensive depth estimator. Specifically, we utilize
the depth estimates from the Transformer branch and CNN
branch as pseudo labels to teach each other. At the same time,
the pixel-wise depth uncertainty is modeled to mitigate the
negative impact of noisy pseudo labels. To avoid the large capacity
gap induced by the strong Transformer branch deteriorating
the cross-distillation, we transfer the feature maps from the
Transformer to the CNN and develop coupling units to assist
the weak CNN branch in leveraging the transferred features.
Furthermore, we introduce CutFlip, a surprisingly simple yet
highly effective data augmentation technique, which forces the
model to focus on more valuable depth reasoning clues apart from
the vertical image position. Extensive experiments demonstrate
that our model, termed URCDC-Depth, exceeds in performance
previous state-of-the-art approaches on the KITTI, NYU-Depth-
v2 and SUN RGB-D datasets, with no additional computational
burden in the evaluation phase. The source code will be publicly
available upon acceptance.

Index Terms—Monocular depth estimation, cross-distillation,
Transformer, data augmentation.

I. INTRODUCTION

Onocular depth estimation is a fundamental research

topic in the computer vision community, with applica-
tions ranging from scene understanding and 3D reconstruction
to image dehazing [1]-[3]. Benefiting from advances in con-
volutional neural networks (CNNs) [4]-[6], recent studies [7],
[8] have achieved outstanding performance. Due to the lack
of depth cues, fully exploiting the long-range correlation (i.e.,
inter-object distance relationship) and the local information
(i.e., intra-object consistency), is crucial for accurate depth
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estimation [9]. However, the convolution operator with a
limited receptive field has difficulty capturing the long-range
correlation. This becomes a potential bottleneck of current
CNN-based depth estimation methods [8].

Fig. 1. Illustration of the depth map and uncertainty map generated by
the proposed URCDC-Depth. Top: input image; Middle: depth map; Bottom:
pixel-wise depth uncertainty (red: low uncertainty; yellow/blue: high/highest
uncertainty).

There is extensive work dedicated to alleviating the above
CNN limitation, which can be broadly categorized into two
groups: manipulating the convolution operation and introduc-
ing the attention mechanism [10]. The former uses techniques
such as atrous spatial pyramid pooling [11] and coarse-to-fine
fusion [12] to enhance the efficacy of the convolution operator.
The latter incorporates an attention module to establish the
global interactions among pixels in the feature map [13], [14].
In addition, several general approaches leverage both of these
strategies [8], [15]. Despite the considerable improvements in
performance, limitations remain.

Recently, visual Transformer has been presented to be a
promising alternative to the CNN [16]—[18]. Building upon the
attention mechanism, the Transformer with a global receptive
field is more proficient in capturing the long-range correlation.
Nevertheless, local feature details are prone to be ignored by
it, as observed in [18] and [19]. This inevitably results in
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unsatisfactory performance. Several depth estimation methods
try to overcome the drawback of Transformer by integrating an
additional CNN branch [19], [20]. However, these frameworks
also rely on the CNN branch in the evaluation phase which
increases the computational cost at inference time.

In this work, we introduce a novel monocular depth estima-
tion framework, termed URCDC-Depth, which boosts model
performance by integrating the strengths of Transformer and
CNN through cross-distillation. The core idea lies in that
the Transformer branch establishes the long-range correlation,
while the CNN branch focuses on the local information, and
both global representations and local features are pivotal for
accurate depth estimation. The cross-distillation between these
two branches helps learn a comprehensive depth estimator
with both properties without adding computational burden dur-
ing evaluation. In addition, when compared to unidirectional
CNN-to-Transformer distillation, cross-distillation enjoys the
benefit of improving the CNN branch accuracy, allowing it to
be a superior teacher to guide the Transformer branch.

To be specific, we leverage the derived depth estimates from
these two branches as pseudo labels to teach their counterparts.
Unfortunately, pseudo labels may contain heavy noise, for
instance, induced by the inherent drawbacks of Transformer
and CNN. This is harmful for cross-distillation. Hence, it is
critical to be aware of possible errors in depth prediction.
The depth uncertainty indicates the reliability and potential
errors of depth prediction [21], [22], which is estimated to
be associated with the depth map and used to alleviate the
negative impact of noisy pseudo labels in cross-distillation. In
addition, we transfer the feature maps from the Transformer to
the CNN to bridge the large capacity gap caused by the strong
Transformer branch. The coupling units are developed to assist
the weak CNN branch in leveraging the transferred feature
maps, which contribute to enhancing the cross-distillation as
well. An illustration of the predicted depth and uncertainty
maps is shown in Fig. 1.

Furthermore, we train URCDC-Depth with a very simple
yet effective data augmentation technique termed CutFlip. It is
based on the observation that the monocular depth estimation
model relies heavily on the vertical image position to estimate
depth, while other clues such as apparent sizes are ignored
which deteriorates the model generalization ability [23]. Gen-
erally, the feature of the vertical image position is that the
closer the projection on the image is to the lower boundary, the
smaller the depth of the scene point. The traditional training
mechanism allows the clue of vertical image position to exist
in almost all training samples. In contrast, other cues are much
less numerous. To resolve this, we vertically cut the training
sample into upper and lower parts and flip these two parts
along the vertical direction with a certain probability thereby
weakening the relationship between depth and vertical image
position. In such cases, the accuracy of the depth estimate is
significantly improved.

To summarize, the main contributions of this work are as
follows:

o We introduce a novel monocular depth estimation frame-

work equipped with uncertainty rectified cross-distillation
to exploit the long-range correlation and local informa-

tion. As a significant benefit from the cross-distillation
paradigm, the framework has no additional computational
burden in the evaluation phase.

« We propose a surprisingly simple yet highly effective data
augmentation technique to enforce the model focusing
on more valuable depth reasoning cues and not just the
vertical image position.

« Detailed experiments and analysis indicate the efficacy of
our developed components. The proposed URCDC-Depth
achieves state-of-the-art performance on the KITTI [24],
NYU-Depth-v2 [25] and SUN RGB-D [26] datasets.

The rest of this paper is organized as follows: A brief
review of related work is presented in Section II. The proposed
method is detailed in Section III. Experimental results on stan-
dard benchmarks are reported in Section I'V. The conclusions
are summarized in Section V.

II. RELATED WORK
A. Monocular depth estimation

Monocular depth estimation attempts to derive the dense
depth map from a single image. As one of the seminal works
in the field, Saxena et al. [9] used the Markov random field to
estimate depth. Subsequently, numerous studies have achieved
consistent improvements [27]-[31], drawing on the well gener-
alized CNN features across diverse tasks. More recently, Lee et
al. [7] proposed multi-scale local planar layers to provide more
effective guidance of encoded features to the desired depth
prediction. Yin et al. [32] suggested the virtual surface normal
and enforced 3D geometry-aware depth estimation. Song et
al. [33] introduced the Laplacian pyramid to sharpen the depth
boundaries. Bhat ef al. [8] revisited the ordinal regression [28]
and proposed to predict adaptive bins according to the image
content. Patil et al. [34] developed the piecewise planarity
prior and leveraged the displacement vector field to borrow
information from coplanar pixels. Additionally, De et al. [35],
Zhao et al. [36], Zhao et al. [37] and Metzger et al. [38]
used graph regularization, discrete cosine transform, spherical
space feature decomposition and deep anisotropic diffusion for
guided depth map super-resolution, respectively.

B. Transformer

Transformers have attracted widespread attention because of
their effectiveness in natural language processing [10]. In the
computer vision domain, Dosovitskiy et al. [16] introduced the
Vision Transformer (ViT) and showed its feasibility for image
classification. The success of ViT accelerated the application
of Transformer to other tasks. Zheng et al. [39] developed one
of the first attempts at dense prediction tasks by using ViT as
the backbone.

There have been some attempts at applying the Transformer
to monocular depth estimation. Bhat ef al. [8] made use of
a minimized ViT to generate bin width adaptively. [40]-[43]
used the Transformer as an encoder to attain a global receptive
field. As demonstrated in [19], a model with a Transformer
encoder tends to lose local depth details. Li et al. [19] further
combined the Transformer encoder with an additional CNN
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Fig. 2. Overview of the proposed URCDC-Depth. The URCDC-Depth in

the training phase consists of two branches, a Transformer branch and a

CNN branch. During the evaluation phase, only the Transformer branch is used to generate the depth map. The red and blue lines represent the data-loss

correspondences for Transformer training and CNN training, respectively.

encoder so that the model can enjoy the desired properties
from both networks. However, the ensembled model increases
the computational complexity. In contrast, we introduce the
cross-distillation between Transformer and CNN to construct
a unified depth estimator, which allows our model to use only
the Transformer branch at inference time with no additional
computational burden.

C. Knowledge distillation

Knowledge distillation (KD) is a learning paradigm aimed
at transferring learned knowledge from a teacher model to a
student model. It was originally proposed in [44]. Since then,
numerous KD variants have been proposed, either aiming to
improve its efficacy [45]-[47] or applying it to other tasks [48],
[49]. The cross-distillation is a special case of KD, where
models can reach a consensus by simultaneously teaching each
other, similar to the mutual learning [50]. A few studies have
also applied KD to monocular depth estimation [51], [52].
Different from these methods, we introduce an uncertainty
rectified cross-distillation for accurate depth estimation.

D. Data augmentation

Data augmentation is a powerful technique for mitigating
overfitting risk by increasing the effective amount of training
samples. Hence, common data augmentation techniques such
as color jitter and rotation are widely adopted in various tasks
to improve the model generalization ability. Recently, augmen-
tation techniques tailored for monocular depth estimation have
been proposed, such as CutDepth [53] and DataGrafting [18].
The CutDepth aims to shorten the distance between the RGB

image and depth map in the latent space by replacing part
of the RGB image with the corresponding depth ground-
truth. The motivation of CutDepth differs significantly from
our CutFlip. On the other hand, although the DataGrafting
also aims to alleviate the overfitting risk for vertical image
position, it relies on grafting together two training samples
with different semantics. In contrast, our CutFlip is simpler
and easier to implement because it requires only one training
sample.

E. Uncertainty estimation

Estimating uncertainty (or complementary confidence) plays
an essential role in a broad range of tasks. In general, there are
two main uncertainty types: epistemic and aleatoric. Epistemic
uncertainty stems from the model weights and can be reduced
with more training data, while aleatoric uncertainty arises from
noise in the input data [54]. Bootstrapped ensembles [55]
and Monte Carlo Dropout [56] empirically estimate the epis-
temic uncertainty by sampling from the distribution of model
weights. A scheme that accounts for aleatoric uncertainty is
performed in a predictive manner, where a network is trained
to learn a distribution with mean and variance [57]. Recent
studies have incorporated uncertainty into dense prediction
tasks, for example, semantic segmentation [58], depth esti-
mation [22], [59] and optical flow [60]. We focus on a more
targeted supervised uncertainty estimation setting and model
the uncertainty ground-truth in the form of the probability
density function of the Laplace distribution.
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III. METHODOLOGY

In this section, we elaborate on the main contributions of
this work, namely, uncertainty rectified cross-distillation and
CutFlip. An overview of URCDC-Depth is presented in Fig. 2.

A. Uncertainty Rectified Cross-Distillation

Network architecture. The proposed URCDC-Depth con-
tains a Transformer branch and a CNN branch in the training
phase, which have an encoder-decoder architecture.

For the Transformer branch, the encoder follows the design
of Swin Transformer [17]. First, patch embedding projects an
input RGB image into a high-dimensional feature representa-
tion, which is then propagated into encoder blocks. Each block
is composed of patch merging, multi-layer perception (MLP)
and self-attention. In the decoder blocks, which are neural
window fully-connected conditional random fields (CRFs)
modules [43], the self-attention captures long-range correlation
in the decoder, which the optimize net optimizes for a better
prediction.

As for the CNN branch, the encoder uses DenseNet [5].
Each encoder block contains a dense block and transition
layer. The decoder blocks are developed following [42], where
the encoder and decoder features are multiplied with the
features from the convolution block to emphasize the valuable
information. The CNN branch is only used for complementary
training and is discarded once the training process is complete.

Cross-distillation of Transformer and CNN. We leverage
the efficient cross-distillation paradigm to build a comprehen-
sive depth estimator that fully exploits the long-range corre-
lation and local information. For an input RGB image r (p),
where p denotes the pixel coordinate, our model generates two
depth predictions,

d' (p) = f' (r(p));d°(p) = f°(r(p)), (1)

where d’ (p) and d° (p) stand for the depth predictions from
Transformer branch f* (-) and CNN branch f¢ (-), respectively.
As mentioned before, Transformer and CNN are asymmetric
learning networks, where Transformer relies on the long-
range self-attention mechanism while CNN is built upon the
local convolution operator. Therefore, d” (p) and d° (p) have
inherently diverse properties and are used as pseudo labels to
guide their counterparts toward the correct depth.
Uncertainty-based rectification. Unfortunately, the pseudo
labels may contain heavy noise, particularly at the beginning
of training. This inevitably damages the cross-distillation and
results in incorrect predictions. To alleviate the negative impact
of noise, we introduce an uncertainty rectified cross-distillation
loss, partially inspired by mutual learning [50] and defined as

Lupea = (1= (p)) © [ (p) — & ()|

Transformer term
2

+Z(1—E(p)) © |d° (p) — d’ (p)
P

CNN term

)

where - is the gradient stopping operation, ® is the element-
wise multiplication, and u’(p) and u®(p) denote the un-
certainty predictions from the Transformer branch and CNN
branch, respectively. More specifically, the gradient stopping
stands for that gradient flowing to the target variable is
prohibited during the backpropagation process so that the
target variable is not affected. The Transformer term distills
knowledge from CNN to Transformer while the CNN term
distills knowledge from Transformer to CNN. The uncertainty
predictions are used to downweight the relevant pixels to
alleviate the negative impact on regions with high uncertainty.
The values of uncertainty range from O to 1.

Since there is no ground-truth for the uncertainty, we model
it with a function inspired by the probability density function
of the Laplace distribution,

_ |d"(p) —d" (p)|
v mra )t

[d° (p) —d” (p)|
(d°(p) +d* (p))

where u* (p) and u®* (p) stand for the modeled uncertainty
ground-truths for the Transformer and CNN branches, d* (p)
is the depth ground-truth, b is a coefficient that controls the
tolerance for error and is set as 0.2 in this work, and T denotes
a set of pixels with valid ground-truth depth values. Here,
instead of adopting the absolute difference between depth
prediction and ground-truth directly, we normalize it by their
sum. This is because a unit depth difference, for example 1m,
represents the different uncertainty between distant and nearby
points in a scene, and it should be higher on the nearby points
and less on the distant points. We apply £, to encourage the
uncertainty predictions to approximate u‘* (p) and u¢* (p),

L, = Zp? lu® (p) —u™ (p)| + g [u® (p) —u* (p)|,p € T. (5)

u” (p) =1—eXp<

uc*(p)zl—exp(—b ),peT, “4)

u’ (p) and u® (p), apart from their efficacy in Eq. 2, enable our
model to be deployed in safety-critical scenarios by indicating
potential errors of depth prediction.

Coupling unit. As demonstrated in recent studies [7], [19],
[43], the Swin Transformer-based models perform much better
than CNN-based models for depth estimation. Unfortunately,
the large capacity gap between teacher and student tends to
cause poor performance of knowledge distillation [61]. To
bridge this gap, we transfer the feature maps encoded by the
Transformer branch to the CNN branch, and design coupling
units to fuse these two types of features. First, we align the
channel dimension of the feature maps via a 1 x 1 convolution
and add them together. Second, we adopt a 3 X 3 convolution
to adaptively fuse the added features. Finally, we adjust the
feature channel dimension with a 1 x 1 convolution to form
a residual connection. In addition, BatchNorm (BN) [62]
and ReLU activation are leveraged to regularize features.
We note that the feature transfer operation only exists in
the encoder that mainly determines the model performance.
Mathematically,

F¢ =ReLU (BN (Convy 1 (F9))), (6)
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F¥ = ReLU (BN (F)), 7
Foit — ReLU (BN (Convays (F<' + 7)), ®)
Fou* = ReLU (BN (Convyxy (F*)) + F°), (9

where F¢ and F* stand for the feature maps from CNN branch
and Transformer branch, respectively, F¢%¢ is the added CNN

Input

Vertical Cut

Vertical Flip

Fig. 3. Illustration of the CutFlip technique. The CutFilp contains two key
steps: vertical cut and vertical filp.

and Transformer feature maps and F°“! is the output feature
maps.
Overall loss. The total optimization objective to train the

URCDC-Depth is summarized as
‘Ctotal = ﬁsilog + )\l‘curcd + A2‘Cua (10)

with

['silog = K\ ﬁ Z (gt (p)) |T|2 (Zg ( ))
’ (1n

p

|y 2 (&5 () — (Zg (p )) peT,

where L;1,4 denotes the scaled scale-invariant loss introduced
by [7], g(p) = logd (p) — logd* (p), x and 7 are set as 10
and 0.85 based on [7], and A; and Ay are empirically set as
0.1 and 0.5.

B. CutFlip

The quantity and diversity of training data are both critical
for deep learning-based models, which is difficult to ensure
in depth estimation because data acquisition is extremely
expensive and laborious. Lack of data reduces the model
generalization ability, and one of the serious overfitting threats
is the heavy reliance on the vertical image position [23].

Algorithm 1 CutFlip
Input: RGB image r; Ground-truth depth map d*; Height of
input h.
Output: Transformed r; Transformed d*.
1: Random sampling p from the uniform distribution U (0,
1).
2: if p < 0.5 then
3:  return r;d".
4: else

5:  Random sampling ¢ from [floor(0.2h), floor(0.8h)];
6: r=r.copy(); d* = d*.copy()

7. rh—q ] =rlcnd i h—g ] =AY
8 rlh—cnu =g, d h—cnn] =d g,
9: return r;d".

10: end if

To enforce the model to focus on more valuable clues, we
introduce a surprisingly simple yet highly effective data aug-
mentation technique, namely, CutFlip. As illustrated in Fig. 3,
we vertically cut the input sample into upper and lower parts,
highlighted by the orange box and the green box, respectively,
and flip these two parts along the vertical direction to weaken
the relationship between depth and vertical image position.
The details are demonstrated in Algorithm 1. The CutFlip is
performed with a probability of 0.5, and the vertical position
to cut is randomly sampled, which allows the model to greatly
adapt to various types of data.

IV. EXPERIMENTS

We conduct extensive experiments on the standard datasets,
including KITTI [24], NYU-Depth-v2 [25] and SUN RGB-
D [26]. In the following part, we first display a description of
the relevant datasets, evaluation metrics and implementation
details. We then show quantitative and qualitative comparisons
to the state-of-the-art methods. Finally, we present generaliza-
tion study and ablation study to perform a detailed analysis of
URCDC-Depth.

A. Datasets and evaluation metrics

The KITTI dataset consists of images captured from out-
door scenes with equipment placed on a moving vehicle [24].
The image resolution is around 1241 x 376 pixels. We use two
commonly used splits for monocular depth estimation. One is
the Eigen split [27], including 23488 training image pairs and
697 testing images. The other one is the official split [24],
including 42949 training image pairs, 1000 validation images
and 500 testing images. The evaluation results on the official
split are generated by the online server.

The NYU-Depth-v2 dataset provides RGB images and
depth maps collected from indoor scenes at a resolution of
640 x 480 pixels [25]. Following prior works, we adopt the
official split and the dataset processed by [7], which contains
24231 training image pairs and 654 testing images.

The SUN RGB-D dataset is collected using four sensors
from multiple indoor scenes with high scene diversity, which
consists of around 10K images. We use this dataset only for
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Method || Cap || AbsRel| SqRel| RMSE| RMSElog| [ §<1.251 6<125°1 4§<1.25°1
Eigen et al. [63] 0-80m 0.203 1.548 6.307 0.282 0.702 0.898 0.967
Fu et al. [28] 0-80m 0.072 0.307 2.727 0.120 0.932 0.984 0.994
VNL [32] 0-80m 0.072 - 3.258 0.117 0.938 0.990 0.998
BTS [7] 0-80m 0.060 0.249 2.798 0.096 0.955 0.993 0.998
PWA [64] 0-80m 0.060 0.221 2.604 0.093 0.958 0.994 0.999
TransDepth [40] 0-80m 0.064 0.252 2.755 0.098 0.956 0.994 0.999
Adabins [8] 0-80m 0.058 0.190 2.360 0.088 0.964 0.995 0.999
P3Depth [34] 0-80m 0.071 0.270 2.842 0.103 0.953 0.993 0.998
DepthFormer [19] 0-80m 0.052 0.158 2.143 0.079 0.975 0.997 0.999
NeWCRFs [43] 0-80m 0.052 0.155 2.129 0.079 0.974 0.997 0.999
URCDC-Depth (ours) 0-80m 0.050 0.142 2.032 0.076 0.977 0.997 0.999
Fu et al. [28] 0-50m 0.071 0.268 2.271 0.116 0.936 0.985 0.995
BTS [7] 0-50m 0.058 0.183 1.995 0.090 0.962 0.994 0.999
LapDepth [33] 0-50m 0.056 0.161 1.830 0.086 0.967 0.995 0.999
PWA [64] 0-50m 0.057 0.161 1.872 0.087 0.965 0.995 0.999
TransDepth [40] 0-50m 0.061 0.185 1.992 0.091 0.963 0.995 0.999
P3Depth [34] 0-50m 0.055 0.130 1.651 0.081 0.974 0.997 0.999
URCDC-Depth (ours) 0-50m 0.049 0.108 1.528 0.072 0.981 0.998 1.000
TABLE I
QUANTITATIVE DEPTH COMPARISON ON THE EIGEN SPLIT OF KITTI DATASET. NOTE THAT THE BACKBONES OF DEPTHFORMER, NEWCRFS AND
OUR URCDC-DEPTH AT INFERENCE TIME ARE SWIN-LARGE AND RESNET-50, SWIN-LARGE AND SWIN-LARGE, RESPECTIVELY. “-” INDICATES NOT
APPLICABLE. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD.
Method | SlLog{ SqRel | AbsRel | iRMSE| « RMSE log: \/ﬁZdeT log d — log d*||%;
P3Depth [34 12.82 9.92 2.53 13.71
VNi [3[2] ] 12.65 10.15 2.46 13.02 « iRMSE: \/ﬁzdeT 1/d —1/d*|*;
GAC [65] 12.13 9.41 2.61 12.65 o logy: ﬁZdGT [log,od — log;od* ||
FPANet [66] 11.84 9:23 246 12.63 e 0 < thr: % of d satisfies (max (c%, %) =6< thr)
DLE [67] 11.81 9.09 2.22 12.49
Fu et al. [28] 1177 8.78 223 12.98 for thr = 1.25,1.25% 1.25%.
BTS [7] 11.67 9.04 2.21 12.23
BA-Full [68] 11.61 9.38 2.29 12.23 B. ]mplemenmﬁon Details
P“k}f’\f;/fgf] [69] :}i‘s‘ Zéi i:g izi The URCDC-Depth is implemented in the PyTorch [70] and
NeWCRFs [43] 1039 837 183 1103 tra'med on 4 NVIDIA RTX ASOOQ GPUs. We optimize it by
URCDC-Depth (ours) 10.03 524 17 071 using the. Adam optimizer [71] with g1 = 0.9, 52 = 0.999.
The training process runs a total number of 20 epochs with a
TABLE II

QUANTITATIVE DEPTH COMPARISON ON THE OFFICIAL SPLIT OF
KITTI DATASET. THE RESULTS ARE AVAILABLE FROM THE ONLINE
SERVER.

zero-shot evaluation and do not use it for training. The pre-
trained models are evaluated on the official test set of 5050
images.

Evaluation metrics. Following previous works [7], [43],
we adopt the standard evaluation metrics in our experiments.

2
2
SILog: \/ T Lger (8) — [ (deT g) ;
e Abs Rel: ;17 Ygep |d —d*[/d"; i
o Sq Rel (eigen split): %ZdeT Ild —d*||*/d";
o Sq Rel (official split): ﬁZdeT |d —a*||*/d*>;

* (12
« RMSE: \/ﬁzdg d —d*|%;

batch size of 8 and a learning rate scheduled via polynomial
decay from 2e-5 to 2e-6. Apart from the proposed CutFlip, we
use the common data augmentation techniques as in previous
works [7], [43]. The number of coupling units is 4.

C. Comparison to State-of-the-Arts

KITTI. We first conduct a comparison with the leading
methods on the Eigen split. Table I presents the results. They
indicate that the performance of our URCDC-Depth exceeds
those of previous methods. It is worth noting that although
URCDC-Depth and NeWCRFs share an almost identical net-
work structure in the evaluation phase, it improves upon the
NeWCRFs by 8.4% and 4.6% on the Sq Rel and RMSE for
the 0-80m cap. When the maximum depth is capped at 50m,
the performance of our URCDC-Depth far exceeds that of
P3Depth. Fig. 4 demonstrates qualitative depth comparisons.
It can be seen that the NeWCRFs struggles with thinner
structures, such as difficult human and pole boundaries, while
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Method | Cap || AbsRell RMSE] logjql || 6<1.251 6<1.2521 6<1.25%1
Eigen et al. [27] 0-10m 0.158 0.641 - 0.769 0.950 0.988
Fu et al. [28] 0-10m 0.115 0.509 0.051 0.828 0.965 0.992
VNL [32] 0-10m 0.108 0.416 0.048 0.875 0.976 0.994
LapDepth [33] 0-10m 0.110 0.393 0.047 0.885 0.979 0.995
BTS [7] 0-10m 0.110 0.392 0.047 0.885 0.978 0.994
DAV [15] 0-10m 0.108 0.412 - 0.882 0.980 0.996
PWA [64] 0-10m 0.105 0.374 0.045 0.892 0.985 0.997
Long et al. [72] 0-10m 0.101 0.377 0.044 0.890 0.982 0.996
TransDepth [40] 0-10m 0.106 0.365 0.045 0.900 0.983 0.996
Adabins [8] 0-10m 0.103 0.364 0.044 0.903 0.984 0.997
P3Depth [34] 0-10m 0.104 0.356 0.043 0.898 0.981 0.996
DepthFormer [19] 0-10m 0.096 0.339 0.041 0.921 0.989 0.998
NeWCRFs [43] 0-10m 0.095 0.334 0.041 0.922 0.992 0.998
URCDC-Depth (ours) 0-10m 0.088 0.316 0.038 0.933 0.992 0.998
TABLE IIl
QUANTITATIVE DEPTH COMPARISON ON THE NYU-DEPTH-V2 DATASET.
URCDC-Depth is capable of estimating these small details. 2 CP UR CU CF AbsRel) RMSE| logiod 0<1251
This supports our standpoint that the cross-distillation helps ! 0.095 0334 0.04] 0922
learn a unified depth estimator by combining the desired 2 v 0.095 0329 0.040 0923
. 3 v 0.095 0335 0.040 0922
properties of both Transformer and CNN. PR 0.091 0323 0,039 0,928
5 v 0.091 0326 0.039 0.926
Method || AbsRel | RMSE| logjo 4 §<1257 §<1.25°1 6 v v 7 0.089 0319 0.038 0.931
Chen [73] 0.166 0494 0071 0.757 0.943 7 v 0.091 0322 0039 0.934
VNL [32] 0.183 0.541 0.082 0.696 0912 8 v v /S 0.088 0316 0.038 0933
BTS [7] 0.172 0515 0.075 0.740 0933 TABLE VI
Adabins [8] 0.159 0476 0.068 0.771 0944 ABLATION STUDY OF THE PROPOSED URCDC-DEPTH ON THE
Ours 0.136 0408  0.060 0.819 0.971 NYU-DEPTH-V2 DATASET.
TABLE IV

GENERALIZATION TO THE SUN RGB-D DATASET. THE MODELS ARE
TRAINED ON THE NYU-DEPTH-V2.

ID CD UR CU CF AbsRell SqRel] RMSE| §6<1.251%
1 0.052 0.155 2.129 0.974
2 v 0.055 0.155 2.086 0.975
3 v 0.052 0.156 2.122 0.974
4 v v 0.051 0.147 2.076 0.976
5 v v 0.051 0.148 2.078 0.975
6 v v v 0.051 0.147 2.062 0.976
7 v 0.051 0.144 2.056 0.977
8 v v v v 0.050 0.142 2.032 0.977
TABLE V

ABLATION STUDY OF THE PROPOSED URCDC-DEPTH ON THE KITTI
DATASET. CD: CROSS-DISTILLATION; UR: UNCERTAINTY-BASED
RECTIFICATION; CU: COUPLING UNIT; CF: CUTFLIP.

We then compare our URCDC-Depth against the competing
methods on the official split. The results are generated by
the online server and reported in Table II. Here, we can see
that URCDC-Depth outperforms previous methods again. A
notable phenomenon is that the main ranking metric SILog,
from the model proposed by Fu ef al. [28] to the PWA [64], has

only increased by 2.7%. With the advent of the Swin Trans-
former, the NeWCRFs makes a significant breakthrough on
this metric through the designed neural CRFs. Our URCDC-
Depth further improves the NeWCRFs by 3.5% on the SILog,
with no additional computational burden at inference time. The
colored visualizations of the depth predictions from the online
test are shown in Fig. 5.

NYU-Depth-v2. To show the effectiveness of URCDC-
Depth in the indoor scenario, we evaluate it on the NYU-
Depth-v2 dataset. The results are reported in Table III, which
indicate that our method has greatly boosted the performance
on most metrics, e.g., Abs Rel and RMSE. This emphasizes
our contributions in improving the results. We display qualita-
tive depth comparisons in Fig. 6. As can be seen, our URCDC-
Depth preserves small details e.g., handle.

We further convert depth predictions into point clouds and
present qualitative point cloud comparisons on the KITTI and
NYU-Depth-v2 datasets in Fig. 7 and Fig. 8, respectively. The
point clouds of our URCDC-Depth show fewer distortions and
are with prominent geometric features.
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Input TransDepth

PR o

NeWCRFs URCDC-Depth (ours)

TransDepth

Fig. 9. Pixel-wise depth uncertainty from our URCDC-Depth. Red
indicates areas with low uncertainty, and yellow/blue indicates areas with
high/highest uncertainty.

D. Generalization Ability

As listed in Table IV, we investigate the generalization abil-
ity of URCDC-Depth in a zero-shot setting. The models are
trained on NYU-Depth-v2 but evaluated on SUN RGB-D to
validate that our model does learn transferable discriminative
features rather than simply memorizing training data. URCDC-
Depth achieves the best performance on all metrics, which is
an indicator of its excellent generalizability across different
cameras.

E. Ablation Study

To better understand how the components in URCDC-Depth
affect the performance, we conduct detailed ablation studies
on the KITTI and NYU-Depth-v2 datasets. The results are
presented in Tables V, VI, VII, VIII, IX, X and Figs. 9, 10, 11.

Cross-distillation (Tables V and VI). We start from the
baseline NeWCRFs (ID 1). By directly introducing cross-
distillation, we observe a slight performance improvement on
most metrics (ID 2). The cross-distillation suffers from the
heavy depth noise from pseudo labels. In addition, the large
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Method || AbsRel | SqRel| RMSE| RMSElogl || 6<1.251 §<12521 &6<1.25%1
BTS [7] 0.060 0.249 2.798 0.096 0.955 0.993 0.998
+ CutFlip 0.059 0.198 2.366 0.091 0.959 0.995 0.999
TransDepth [40] 0.064 0.252 2.755 0.098 0.956 0.994 0.999
+ CutFlip 0.064 0.222 2.457 0.095 0.958 0.995 0.999
Adabins [8] 0.058 0.190 2.360 0.088 0.964 0.995 0.999
+ CutFlip 0.056 0.174 2.236 0.086 0.968 0.996 0.999
TABLE VII
EFFECT OF THE PROPOSED CUTFLIP FOR DIFFERENT ALGORITHMS ON THE KITTI DATASET, USING BTS, TRANSDEPTH AND ADABINS AS
CASES.
capacity gap between the Transformer branch and CNN branch Method H AbsRel | SqRel] RMSE] 46<1.257
limits the performance gain from cross-distillation. Different Encoders in the CNN Branch
Uncertainty-based rectification (Tables V and VI, Fig. 9). ResNet101 [4] 0.050 0.145 2.040 0.977
Adding an additional uncertainty estimation head has little ResNeXt50 [76] 0.050 0.146 2.045 0.977
impact on performance (ID 3). However, leveraging the es- DenseNet161 [5] 0.050 0.142 2.032 0.977
timated uncertainty in cross-distillation can significantly boost Different Decoders in the CNN Branch
the performance (ID 4). Especially notable are the results BTS [7] 0.050 0.144 2.043 0.977
on the Sq Rel, which is sensitive to large depth errors. The NeWCRFs [43] 0.051 0.147 2.049 0.976
rectification is able to mitigate the negative impact of depth GLPDepth [42] 0.050 0.142 2.032 0.977
noise in the cross-distillation, hence resulting in a markedly TABLE X

lower Sq Rel result.

Augmentation method H AbsRel ] SqRel/ RMSE| 6<1.251%
CutMix [74] 0.054 0.154 2.093 0.974
CutOut [75] 0.052 0.148 2.078 0.975

CutDepth [53] 0.052 0.150 2.076 0.975

DataGrafting [18] 0.051 0.146 2.051 0.976

CutFlip 0.050 0.142 2.032 0.977
TABLE VIII

COMPARISON OF CUTFLIP AGAINST CUTMIX, CUTOUT, CUTDEPTH

AND DATAGRAFTING ON THE KITTI DATASET.

Method || AbsRel | SqRel | RMSE| 4§<1251
Base. 0.051 0.149 2.067 0.975
Base. w/ Color Jitter 0.051 0.148 2.059 0.976
Base. w/ Random Rotation 0.051 0.149 2.064 0.976
Base. w/ CutFlip 0.051 0.145 2.040 0.976
TABLE IX

COMPARISON OF CUTFLIP AGAINST CONVENTIONAL COLOR JITTER
AND RANDOM ROTATION ON THE KITTI DATASET. BASE.: BASELINE.

Fig. 9 displays the visualization of uncertainty maps. The
existing method (Fig. 6 in [14]) is also capable of estimating
uncertainty maps by showing a trend where the uncertainty
increases with distance. In contrast, our uncertainty maps
pay attention to the difficult regions, e.g., object boundaries
and vanishing points. We attribute this to the normalization
operation when modeling the uncertainty ground-truth.

Coupling unit (Tables V and VI, Fig. 10). To bridge the
large capacity gap between the Transformer branch and CNN
branch, we transfer the feature maps and develop the coupling
units to fuse the transferred features from the Transformer
branch and the features in the CNN branch. The results after

EFFECT OF DIFFERENT ENCODERS AND DECODERS IN THE CNN
BRANCH FOR CROSS-DISTILLATION ON THE KITTI DATASET.

RMSE

0000 1000 0100 0010 0001 0011 0111 1111

2.055
2.050
2.045
2.040
2.035
2.030
2.025

2.020

Fig. 10. Effect of coupling unit position and number on the KITTI
dataset. There are four encoder blocks in the CNN branch. 1 indicates that
the coupling unit is used to enhance the features output by the encoder block,
and 0 is the opposite.

adding the coupling units are in IDs 5 and 6, which contribute
to the performance.

We further display the effect of the coupling unit position
and number in Fig. 10. When there is only one coupling unit,
placing it behind the last encoder block works better, i.e., the
abstract features transferred by the Transformer branch are
more conducive to compensating for the capabilities between
the Transformer and CNN branches. As the number of cou-
pling units increases, the accuracy will be higher.

CutFlip (Tables V, VI, VII, VIII and IX). With the CutFlip
technique, we can see that the performance is largely improved
(IDs 7 and 8).
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Fig. 11. Effect of varied uncertainty-rectified cross-distillation loss weight.

We explore the effect of CutFlip for different depth esti-
mation algorithms in Table VII, such as BTS, TransDepth and
Adabins. As we can see, our CutFlip is capable of consistently
improving all three methods on most metrics.

Besides, we compare CutFlip against other similar aug-
mentation methods. The results are shown in Table VIII. To
make a fair comparison, we remain all other configurations
the same except for these specially crafted data augmentation
techniques. The inferior performance of CutMix, CutOut and
CutDepth may lie in the lack of constraint on vertical image
position. DataGrafting takes into consideration the overfitting
threat of vertical image position. However, grafting together
two training samples with different semantics increases the
learning burden of the network.

Furthermore, we compare the CutFlip against conventional
augmentation methods in Table IX. The baseline is constructed
by removing color jitter, random rotation and CutFilp from our
framework. We add these three techniques to the baseline and
see that our CutFlip is superior to color jitter and random
rotation.

Uncertainty rectified cross-distillation loss (Fig. 11). We
notice that 0.1 is the most suitable loss weight, and reducing
or increasing it from 0.1 results in performance degradation.
This is because reducing the weight will weaken the influence
of cross-distillation, while increasing the weight will hinder
the learning of the depth ground-truth by the Transformer and
CNN branches.

Different encoders and decoders in the CNN branch
(Table X). For encoders, we choose widely used ResNet101,
ResNeXt50 and DenseNet161 considering the balance of pa-
rameters and FLOPs. In terms of decoders, we choose well-
behaved BTS, NeWCRFs and GLPDepth. As can be seen,
different encoders have little influence on the cross-distillation.
Besides, the decoders of GLPDepth and BTS achieve a similar
cross-distillation performance, while the decoder of NeWCRFs
performs worse, which is caused by deploying the same
decoder for both CNN and Transformer branches thereby
deteriorating the complementary training process.

V. CONCLUSION

In this work, we introduce a novel monocular depth es-
timation framework called URCDC-Depth, which leverages
uncertainty rectified cross-distillation to fully exploit the long-
range correlation and local information. This paradigm enables
our framework to generate a high-quality depth prediction
with no additional computational burden at inference time. In

addition, we propose a simple yet effective data augmentation
technique named CutFlip to encourage the model to emphasize
more valuable depth reasoning clues beyond the vertical image
position. We conduct extensive experiments on the KITTI,
NYU-Depth-v2 and SUN RGB-D datasets, and the results
verify the efficacy of the proposed URCDC-Depth.
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