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Abstract—Monocular depth estimation obtaining scene depth
information from a single image is an important task in the
field of computer vision. Constrained by the limitations of con-
volutional networks in conducting long-distance modeling and
the underutilization of datasets, the generalization of existing
models is not satisfactory. In this paper, we propose an adaptive
backbone named Internal Fusion Transformer to improve
generalization ability compared to convolutional backbone, like
HRNet, and a Bilateral Attention module which pays more
attention to low-level semantic features compared to previous
fuse methods. Meanwhile, we introduce three data augmentation
methods, namely cropping-resizing (cr), cropping-shuffling (cs),
and mirroring (mi), for self distillation, as well as discuss their
contributions to model performance improvement. Our model is
trained on the KITTI dataset, and without fine-tuning, tested on
NYUv2 and Make3D datasets to confirm the generalization. The
experimental results illustrate the effectiveness of our design.
Our model also demonstrates better performance compared to
other models on the KITTI dataset.

Index Terms—Monocular Depth Estimation, Self-Supervised
Learning, Generalization, Self Distillation

I. INTRODUCTION

Depth estimation is an important part of the scene percep-
tion task. It can usually be inferred from the point cloud
captured by LiDAR [1] and the RGB image captured by
the camera [2]. Although LiDAR can obtain more reliable
depth estimation result [3], its expensive purchase cost and
larger volume bring inconvenience to daily use. On the
contrary, visual depth estimation relying on RGB images
is more cost-effective, and it can be further categorized
into monocular depth estimation [4]-[7] and binocular depth
estimation [8], [9]. In general, binocular depth estimation can
be accomplished through precise stereogeometric calcula-
tions [8], whereas monocular depth estimation requires deep
learning based on extensive datasets, owing to the limited
availability of sufficient texture and scale cues [4]. Further-
more, monocular systems offer the advantage of lower cost
compared to binocular systems, thus encouraging researchers
to explore related work extensively.

Monocular depth estimation is usually divided into super-
vised [4] and self-supervised [5]-[7]. Supervised monocular
depth estimation is superior to self-supervised monocular
depth estimation in terms of performance so far. However,
given the challenge of acquiring dense supervised labels,

Fig. 1. The overview of the training process. We use images without
data augmentation to infer the relative pose. Afterward, we apply three
data augmentation methods to the target image It before depth estimation.
Consequently, we obtain four depth maps: one from the original image
and three from data augmentation. Subsequently, we restore the three data
augmentation results to conduct self distillation with the original result and
photometric error.

self-supervised monocular depth estimation can overcome
this limitation, indicating significant development potential
for the self-supervised method. With the advancement of
self-supervised depth estimation, a common challenge arises
when the object is in motion while the camera remains
fixed, thereby violating the assumption of Structure from
Motion (SfM) [20]. Proposed solutions to this issue involve
masking objects that violate assumptions through the use of
optical flow estimation [10] or semantic segmentation [11]
processing. For instance, Monodepth2 [5] masks pixels with
photometric changes exceeding a certain threshold after pose
mapping, ensuring such pixels do not contribute to the loss
calculation.

For an extended period, depth estimation has grappled with
the issue of indistinct object boundaries [12]. Essentially,
the depth estimation task can be viewed as a more intricate
semantic segmentation task. Inspired by the utilization of
multi-level semantic features in semantic segmentation tasks,
along with the efficacy of an encoder-decoder structure,
we employ the encoder to generate semantic features at
multiple scales and the decoder to facilitate the fusion of
semantic information. Commonly used backbones for the
encoder-decoder structure include ResNet [16], HRNet [40],
etc., which typically yield favorable results. However, their
drawback is evident—they necessitate extensive pretraining
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Fig. 2. The overview of depth network with Internal Fusion Transformer. Contrasting to the normal method, we utilize the result of every block in
each stage.

epochs, indicating a substantial dependency on computing
resources and limited generalizability. Hence, we introduce
the Internal Fusion Transformer, which incorporates the
window attention mechanism and integrates the outcomes of
each intermediate block through the concatenation strategy
at each stage. Simultaneously, another reason for the lower
generalization is the underutilization of the available training
data. Common practices involve the joint training of various
datasets [13]. However, this method requires extensive train-
ing and faces challenges due to scale differences between
datasets, necessitating detailed pre-processing. Therefore, we
also introduce self distillation through data augmentation to
enhance the performance of model.

Overall, the contributions of this paper include the follow-
ing parts:

• We introduce the Internal Fusion Transformer, capable
of capturing richer semantic information and achieving
commendable performance within a limited training
epoch.

• We propose using a Bilateral Attention mechanism in
the decoder to improve semantic fusion for the final
inference, particularly enhancing the integration of the
low level semantic branch.

• We present self-distillation strategies through data aug-
mentation to bolster the model’s robustness, exploring
the contributions of various data augmentation methods
to model.

II. RELATED WORK

A. Supervised Monocular Depth Estimation

Eigen et al [14] firstly used CNN for global and local
processing. Later, Laina et al. [15] proposed FCRN (Fully
Convolutional Residual Networks), a network that combines
residual networks [16] with upsampling blocks. They also
introduced the inverse Huber function, a key element for
high-resolution depth estimation. Subsequently, depth esti-
mation has been redefined, shifting from a regression task
to a classification task. Typically, Bhat et al. [17] divided
the depth range into multiple intervals, with the size of
each interval adapting dynamically based on the distribution
of estimations. The ultimate depth value of the image was
estimated as a linear combination of the interval centers with
corresponding probabilities. Fu et al. [15] introduced the
SID (spacing-increasing discretization) strategy to discretize
depth values, treating the depth estimation network as an
ordinal regression problem. They achieved higher accuracy
by employing the ordinal regression strategy in training the
network, which led to faster convergence. Simultaneously, in
recent years, researchers have extended mathematical con-
cepts and deep learning to this field. Yuan et al. [4] introduced
NeW CRFs, transforming the globally fully connected CRFs
(conditional random fields) with window attention to achieve
reduced computation. Song et al. [12] introduced Lap-Depth,
incorporating the Laplacian Pyramid into the decoder archi-
tecture. While these methods have achieved commendable
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Fig. 3. The detail of Bilateral Attention.

results, supervised depth estimation heavily relies on accurate
dense labels.

B. Self-Supervised Monocular Depth Estimation

Self-supervised monocular depth estimation was initially
pioneered by Zhou et al. [19]. They employed a pose network
to obtain the relative pose between two images, used a depth
network to generate the depth result of the target image,
and combined this information to map the source image to
the target image coordinate. This mapping was then used
to compute photometric error with the target image. Self-
supervised monocular depth estimation assumes a moving
camera and a stationary object [20]. However, real-world sce-
narios often deviate from this, leading to the introduction of
Monodepth2 [5]. This model categorizes pixels into occluded
and non-occluded types, addressing the issue of excessive
loss caused by occlusion. The commonly used photometric
error loss function in self-supervised depth estimation faces
challenges in low-texture regions. Even with a significant
difference between depth estimates and true values, it may
produce small loss values, leading to slow convergence or
convergence towards local optima. Shu et al. [21] proposed
a loss function that encourages convergence to the global
optimum by incorporating regularization through the first
and second derivatives. It performs well, even in low-texture
regions. For indoor scenes, Ji et al. [22] introduced an
algorithm called MonoIndoor. Its depth estimation decoder
is partially divided into global scale estimation and relative
scale estimation. Despite the effectiveness of unsupervised
training, enhancing its resilience to physical attacks remains
an unresolved challenge.

C. Generalization in Monocular Depth Estimation

To solve the generalization problem of the model in differ-
ent scenarios, related works [23] can be broadly divided into
two types, increasing the diversity of samples by synthesizing
data [24], [25], and methods of data augmentation [26]. The
form of data enhancement is mainly embodied in image trans-
formation, which divides image representation into structure-
invariant attributes and structure-specific attributes [27], [28].

Algorithm 1

1. Input: I(C,H,W )
2. Data Augmentation

Cropping-resizing
Icr = I[xcr : xcr + wcr, ycr : ycr + hcr]

Croping-Shuffling
Ics1 = I[0 : wcs, 0 : hcs]
Ics2 = I[wcs : W, 0 : hcs]
Ics3 = I[0 : wcs, hcs : H]
Ics4 = I[wcs : W,hcs : H]

Ics =

[
Ics4 Ics3
Ics2 Ics1

]
Mirroring

Imi = I[W : 0, 0 : H]
3. Inference

D = depth(I)
Dcr = depth(⟨Icr⟩)
Dcs = depth(Ics)
Dmi = depth(Imi)

4. Loss Calculation
Lcr = ||⟨D[xcr : xcr + wcr, ycr : ycr + hcr]⟩ −Dcr||2
Lcs = ||

[
D[W : wcs, H : hcs] D[0 : wcs, H : hcs]
D[W : wcs, 0 : hcs] D[0 : wcs, 0 : hcs]

]
−Dcs||2

Lmi = ||D[W : 0, 0 : H]−Dmi||2
Lconsistency = λ1Lcr + λ2Lcs + λ3Lmi

<> represents the upsampling operation. The discussion of λ1, λ2

and λ3 can be seen in TABLE V.

The main purpose is to find most relevant factors. Among
them, PlaneDepth [29] has achieved significant improvement
in stereo point pairs. However, these techniques largely
rely on obfuscated gradients which may not lead to true
generalization.

III. METHOD
A. Foundational theory

The entire process of proposed self-supervised depth esti-
mation method, shown in Fig. 1, includes two parts: relative
pose estimation and depth estimation. We implement the
photometric error between target image It and mapped source
image Is→t. Mapped source image can be computed from
source image Is by the equation as follow:

Is→t = Is < proj(Dt, Tt→s,K) > (1)

where Dt is the depth estimation result of target image, Tt→s

is the relative pose estimation of It and Is, <> is sampling
operator, and K is the intrinsic matrix. The photometric error
is conducted by:

pe(Ia, Ib) =
α

2
(1−SSIM(Ia, Ib))+(1−α) ∥Ia − Ib∥ (2)

Lph = min
s

pe(Ia, Ib) (3)

α is a hyper-parameter, we use a and b to replace t and
s → t. And SSIM(Ia, Ib) stands for structural similarity
index which can be expressed as:

SSIM(Ia, Ib) =
(2µaµb + C1)(2σab + C2)

(µ2
a + µ2

b + C1)(σ2
a + σ2

b + C2)
(4)

µa and µb are mean values for Ia and Ib respectively. σa and
σb are variance for Ia and Ib respectively. σab is covariance
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Fig. 4. Qualitative results on the KITTI dataset. The results of our model have clearer outline.

between Ia and Ib. C1 and C2 are aim to prevent singularity
occurring.

Another smooth loss function to ensure the smoothness of
the prediction results can be written as:

Lsm = |∂xD
∗
t |e−|∂xIt| + |∂yD

∗
t |e−|∂yIt| (5)

D∗
t is the result of Dt normalized, ∂x and ∂y are gradients

in direction x and y.

B. Internal Fusion Transformer Backbone

Different from the traditional global attention Transformer,
the Transformer structure adopted in this paper is based on
window attention [30]. The complexity of global attention
Transformer is:

Ω(MSA) = 4hwC2 + 2(hw)
2
C (6)

while window attention is:

Ω(W −MSA) = 4hwC2 + 2M2hwC (7)

where h and w are input size, C is number of channels, M is
window size. Due to M is set smaller than h and w, window
attention has lower complexity but fair performance. Accord-
ing to the experimental results of the relevant literature [30],
we set M as 7. The structure is shown in Fig. 2, with totally
6 stages. Except for stage 5, each stage has 2 blocks. The
details in every two successive blocks include:

z̃l = W −MSA(LN(zl−1)) + zl−1 (8)

zl = MLP (LN(z̃l)) + z̃l (9)

z̃l+1 = SW −MSA(LN(zl)) + zl (10)

zl+1 = MLP (LN(z̃l+1)) + z̃l+1 (11)

where W −MSA (•) is window attention, SW −MSA (•)
is window attention with shift offset, LN(•) is linear layer,
zl−1 is the output of last block, and z̃l is an intermediate
variable.

The Internal Fusion Transformer introduces additional
connections among blocks to increase the number of channels

for encoded features. This is motivated by the idea that more
channels generally contain richer semantic information.

Fencoded = cat[z0, · · · , zt] (12)

where t is the number of blocks in each stage. Besides, there
is a downsampling operation between stages, and thus we
can obtain coded feature in 1, 1/2, 1/4, 1/8, 1/16 and 1/32 of
original input size.

C. Bilateral Attention

To fuse encoded features, a Bilateral Attention mechanism
is introduced for the decoder to integrate high- and low-level
semantic information. Given high- and low-level semantic
inputs, we use the convolution operation to generate the key
and value of each branch, and sum up the result of two
levels as the final fusion output. In the high-level semantic
branch, we use tanh as the activation function, while in
the low-semantic branch, the activation function is sigmoid.
In comparison to the straightforward direct combination of
two branches, Bilateral Attention enhances the effectiveness
of integration between the two branches, overcoming the
limitation of neglecting low-level semantic information. The
detail of Bilateral Attention module can be seen in Fig. 3. In
summary, Bilateral Attention forms a unified understanding
between high- and low-level branches, and thus improves the
effectiveness of the learning outcome.

D. Self-Distillation Method

Given the premise that the depth estimation result for
the same region should remain consistent, even when the
image undergoes cropping, resizing, shuffling, or mirror op-
erations. Simultaneously, the depth estimation task is treated
as an ordinal regression task [18], which means that the
prediction result of a pixel is influenced by the information
of the surrounding pixels. Wrong pixel arrangement, such
as cropping-shuffling, will inevitably affect the prediction
results. Therefore, we believe that a lower coefficient should
be assigned to self-distillation loss caused by wrong pixel
arrangement data augmentation, and a higher coefficient for
correct pixel arrangement. In this paper, three different data
augmentation methods are selected for verification in the
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Fig. 5. Qualitative results of different coefficient combinations. (a) λ1 and λ3 are higher than λ2. (b) They are equal. (c) λ1 and λ3 are lower than
λ2. The results of (a) are more detailed than others, mainly reflected in the car windows and the wall windows.

TABLE I
THE QUANTITATIVE RESULTS ON KITTI WITH RAW GT.

Method Train W×H AbsRel SqRel RMSE RMSElog δ < 1.25 δ < 1.252 δ < 1.253

Pr
et

ra
in

in
g

ba
ck

bo
ne Monodepth2[5] M 640*192 0.115 0.903 4.863 0.193 0.877 0.959 0.981

Mono-Uncertainty [36] M 640*192 0.111 0.863 4.756 0.188 0.881 0.961 0.982
Fang [37] M 640*192 0.111 - 4.660 0.186 0.884 0.962 0.982

HR-Depth [38] M 640*192 0.109 0.792 4.632 0.185 0.884 0.962 0.983
DIFFNet [7] M 640*192 0.102 0.764 4.483 0.180 0.896 0.965 0.983

Ours(HRNet18 backbone) M 640*192 0.096 0.617 4.260 0.172 0.898 0.968 0.985
HR-Depth [38] M+S 640*192 0.107 0.785 4.612 0.185 0.887 0.962 0.982
Monodepth2 [5] M+S 640*192 0.106 0.818 4.750 0.196 0.874 0.957 0.979

DIFFNet [7] M+S 640*192 0.101 0.749 4.445 0.179 0.898 0.965 0.983

N
o

pr
e-

tr
ai

ni
ng SfMlearner[19] M 640*192 0.183 1.595 6.709 0.270 0.734 0.902 0.959

Li [34] M 416*128 0.130 0.950 5.138 0.209 0.843 0.948 0.978
Packnet [35] M 640*192 0.111 0.785 4.601 0.189 0.878 0.960 0.982

Lite-Mono [6] M 640*192 0.107 0.765 4.561 0.183 0.886 0.963 0.983
BRNet [39] M 640*192 0.105 0.698 4.462 0.179 0.890 0.965 0.984
Ours(IFT) M 640*192 0.103 0.656 4.326 0.175 0.888 0.966 0.986

BRNet [39] M+S 640*192 0.099 0.685 4.453 0.183 0.885 0.962 0.983
”M” means monocular setting and ”M+S” means monocular plus stereo setting. ”IFT” is the acronym of ”Internal Fusion Transformer”.

experiment, which are cropping-resizing, cropping-shuffling
and mirroring operation. In comparison to cropping-shuffling,
the other two methods do not introduce incorrect correlations
between pixels in the image. Thus, they are divided into two
categories. The specifics of self distillation in training are
shown in Algorithm 1.

IV. EXPERIMENT

We implement the experiment at the RTX Titan V (12GB).
In the experiment, we train on the dataset KITTI [31]
split by Zhou et al. [19], and test on Eigen split [14]. In
addition, without fine-tuning, we directly use our model to
test Make3D [32] and NYUv2 [33]. During the training
process, for the initial 15 epochs, we utilized a learning rate
of 1e-4. Subsequently, in the 16th epoch, the learning rate
was adjusted to 1e-5. Notably, the model’s performance on
the test dataset exhibited a substantial improvement compared
to the preceding epochs. The batch size of model with HRNet
[40] backbone is 4, and 2 for Internal Fusion Transformer
backbone.

A. Implement Details

In the training process, the error loss includes the pho-
tometric error Lph between the mapped source image Is→t

and the target image It, the horizontal and vertical smooth
error Lsm, and the consistency error Lconsistency between

inference results of original image and Augmented image.
The total error loss can be written as:

Lsm = Lph + Lsm + Lconsistency (13)

Besides, the pose network is only used in training, and
only the depth network is used in the test. We use two
kinds of backbone in our experiments, one is Internal Fusion
Transformer backbone which is proposed by ourselves, and
the other one is HRNet [40] pretrained more than 3000
epochs. The size of the input is set as 640*192.

B. Results

The results on KITTI: For the KITTI [31] dataset, we
capped the maximum predicted depth value at 80m. We
conducted a performance comparison of our network against
classical models such as Monodepth2 [5] and newer models
like DIFFNet [7], etc.. Almost in all metrics, ours exhibits a
better performance. Our model with Internal Fusion Trans-
former achieves the best performance among all monocular
models without pretraining. Our model with HRNet18 even
achieved 9% improvement in terms of SqRel compared
to stereo pairs model BRNet [39] as an only monocular
method. Both of Monodepth2 and HR-Depth use HRNet as
the backbone, but our model with HRNet outperforms them,
thus confirming the superiority of the Bilateral Attention
applied in decoder. AbsRel, SqRel, RMSE, and RMSElog
represent differences from the ground truth (GT), and lower
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values indicate better performance. Accuracy-based metrics
(δ < 1.25, δ < 1.252, δ < 1.253) are higher for better
performance. Quantitative details are provided in TABLE I,
while visual results are presented in Fig. 4.

The results on Make3D and NYUv2: In order to verify
the generalization ability of our model, we use the model
trained on KITTI [31] dataset to test on Make3D [32]
and NYUv2 [33] without any fine-tuning. The maximum

TABLE II
THE QUANTITATIVE RESULTS ON MAKE3D.

Method AbsRel SqRel RMSE RMSElog
Monodepth2 [5] 0.322 3.589 7.418 0.163
HR-Depth [38] 0.315 3.208 7.024 0.159
Lite-Mono [6] 0.305 3.060 6.981 0.158

Ours(IFT) 0.288 2.698 6.696 0.146
Ours(HRNet18) 0.289 2.802 6.693 0.150

estimated depth of the Make3D and NYUv2 is set to 70m
and 10m respectively. Through comparison, we find that our
monocular depth estimation model demonstrates satisfactory
generalization ability, and Internal Fusion Transformer back-
bone is better than HRNet [40]. It also demonstrates that
Internal Fusion Transformer has better generalization ability
than HRNet. The quantitative results are shown in TABLE
II and TABLE III respectively.

TABLE III
THE QUANTITATIVE RESULTS ON NYUV2

Method AbsRel SqRel RMSE RMSElog
Monodepth2 [5] 0.377 0.778 1.388 0.414
HR-Depth [38] 0.321 0.521 1.150 0.367

Ours(IFT) 0.280 0.369 0.921 0.306
Ours(HRNet18) 0.284 0.384 0.945 0.311

Ablation experiment: We have discussed the effect of
proposed modules before. Therefore, the ablation experiment
primarily concentrates on self distillation, examining whether
to utilize them and assessing different coefficients for distinct
data augmentation methods. In the first ablation experiment,
we employ the Internal Fusion Transformer backbone with
the same coefficient for each data augmentation. In the
second experiment, we use HRNet as backbone [40]. We
conduct experiments on the KITTI [31] dataset. Based on
the results, our model with all data augmentations surpasses
the performance of the model lacking any one of them or
lacking all of them. The detailed results are presented in
TABLE IV. Meanwhile, the outcome of assigning a higher

TABLE IV
ABLATION RESULTS ON SELF DISTILLATION.

Method AbsRel SqRel RMSE δ < 1.25
Ours w/o cr 0.106 0.672 4.475 0.880
Ours w/o cs 0.107 0.677 4.487 0.878
Ours w/o mi 0.106 0.643 4.451 0.880
Ours w/o all 0.113 0.743 4.628 0.871

Ours 0.103 0.656 4.326 0.888

coefficient to the category with correct adjacent relation and

a lower coefficient to wrong adjacent relation is superior
to assigning a lower coefficient to correct adjacent rela-
tion and a higher coefficient to wrong adjacent relation.
We consider cropping-resizing and mirroring to belong to
the same category since they do not disrupt the adjacent
relation between pixels, unlike cropping-shuffling. Due to
resource constraints, we only select three combinations of
coefficients, representing higher for correct adjacent relation,
higher for wrong adjacent relation, and equal for both.
Following the mentioned assumption, we assign cropping-
resizing and mirroring the same coefficient. The results are
presented in TABLE V. Visual results for different coefficient
combinations are provided in Fig. 5.

TABLE V
RESULTS OF DIFFERENT COEFFICIENT TO SELF DISTILLATION.

Method λ1 λ2 λ3 AbsRel SqRel RMSE
Ours w/o all - - - 0.107 0.672 4.472

Ours 1.1 0.8 1.1 0.096 0.617 4.260
Ours 1.0 1.0 1.0 0.098 0.623 4.221
Ours 0.9 1.2 0.9 0.100 0.668 4.301

*We assume cropping-resizing and mirroring are belonging to same
category, because they don’t bring wrong adjacent relation to pixels in
image. Therefore, we give λ1 and λ3 the same coefficient.

V. CONCLUSION

In this work, we not only focus on enhancing the accuracy
of the model but also consider its generalization. We intro-
duce the Internal Fusion Transformer backbone to achieve
a performance close to HRNet18 without pretraining. Ad-
ditionally, we propose Bilateral Attention, which emphasizes
low-level semantic information in the fusion. Simultaneously,
we employ self distillation through data augmentation to
enhance the robustness and accuracy of the model. We also
discuss the impact of different coefficients on each data
augmentation. Introducing data augmentation for network’s
self-distillation training is no longer rare. However, this
study fully considers the inherent characteristics of depth
estimation task, where the prediction of a single pixel is
associated with the surrounding pixels. Meanwhile, cropping-
resizing lacks context at the edges, and thus, considering it
the same as mirroring is not a perfect solution. We hope
that our research can inspire readers and anticipate further
development in this area.
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