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Abstract. In the area of self-supervised monocular depth estimation,
models that utilize rich-resource inputs, such as high-resolution and multi-
frame inputs, typically achieve better performance than models that use
ordinary single image input. However, these rich-resource inputs may not
always be available, limiting the applicability of these methods in general
scenarios. In this paper, we propose Rich-resource Prior Depth estimator
(RPrDepth), which only requires single input image during the inference
phase but can still produce highly accurate depth estimations compara-
ble to rich-resource based methods. Specifically, we treat rich-resource
data as prior information and extract features from it as reference fea-
tures in an offline manner. When estimating the depth for a single-image
image, we search for similar pixels from the rich-resource features and use
them as prior information to estimate the depth. Experimental results
demonstrate that our model outperform other single-image model and
can achieve comparable or even better performance than models with
rich-resource inputs, only using low-resolution single-image input.

1 Introduction

Depth estimation is a crucial component in computer vision, particularly for ap-
plications like autonomous driving, where understanding the 3D structure of the
environment is essential for navigation and decision-making. Traditionally, depth
information has been obtained using stereo vision [14, 18] or LiDAR systems.
However, these methods can be costly and complex, motivating the exploration
of monocular depth estimation. Monocular depth estimation involves deducing
the depth information of a scene from a single camera. This is inherently chal-
lenging as it requires the model to infer 3D information from 2D data, a task
that humans do effortlessly but is complex for machines due to the loss of spatial
information in a single image.
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Recent advancements in monocular depth estimation have opened avenues
for simpler, more cost-effective solutions. Godard et al. [7] introduced a simpli-
fied self-supervised model for monocular depth estimation. They employ inno-
vative loss functions and sampling methods to achieve promising depth accu-
racy. Subsequently, many other methods improve the performance further by
designing better network architectures [11, 19], using more suitable loss func-
tions [13,22,22,31]. Watson et al. [32] proposed an adaptive deep end-to-end
cost volume-based method for dense depth estimation. Their method utilizes
sequence information at test time and introduces a novel consistency loss to en-
hance the performance of self-supervised monocular depth estimation networks.
Although this method achieves a significant improvement compared to previous
works, it requires richer-resource inputs, specifically multi-frame data, during in-
ference. Many methods follow this approach and propose highly effective depth
estimators using multi-frame data inputs [5,10].

In this paper, we refer to high-resolution, multi-frame data as “rich-resource
data”. We have noticed that many of the best-performing methods depend on
rich-resource data. This poses significant challenges in real-world scenarios. In
some situations, acquiring rich-resource inputs is impractical. For instance, multi-
frame based models necessitate the capture of multi-frame data from varied po-
sitions. However, when cars are stationary, obtaining images from different po-
sitions is not possible. Moreover, many multi-frame based models demonstrate
improved performance when future frames are available, but these cannot be
obtained in real-world applications. Hence, there is a need for a method that
can generate a comparable depth map to a rich-resource based model using only
Low-Resolution (LR) single-image inputs.

To address this issue, we introduce a new self-supervised method for monoc-
ular depth estimation. The proposed method leverages features extracted from
rich-resource inputs as prior information, allowing the accurate depth estimation
using only LR single-image inputs during inference, as shown in Fig. 1.

To be specific, our approach pivots on the idea that while rich-resource inputs
(like future frames) are challenging to obtain in application, they are accessible
during the training phase. This availability allows for their utilization in guid-
ing a LR single-image input model to enhance performance. Our methodology
improves model performance with rich-resource guidance in two fundamental
aspects. Firstly, we consider the features extracted from inputs with rich re-
sources as a form of prior information. To achieve this, we utilize a collected
generalized dataset with rich resources as a reference dataset. When estimating
the depth for a LR single-image input, we initially search for similar pixels from
the reference dataset. These pixels, which represent objects with similar geo-
metric relationships, can offer valuable prior information for the model. With
this prior information, the single-input model can perform similarly to rich-
resource models. Secondly, we investigate the intrinsic consistency present in
rich-resource model predictions. We observe that rich-resource models exhibit
superior geometry consistency, particularly around object edges, compared to
their LR single-image counterparts. Leveraging this consistency information en-
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Fig. 1: Our main motivation. In self-supervised monocular depth estimation, models
using rich-resource inputs generally achieve better performance. We aim to extract prior
data from rich-resource inputs during offline training, using it to enhance models with
single images.

hances the performance of the LR single-image model, especially in areas where
depth estimation is traditionally challenging.

In addition, we propose a feature selection algorithm to reduce the compu-
tation burden of searching reference features during inference. This algorithm
effectively reduces the search space for the appropriate prior features while
maintaining the same performance. Experimental results demonstrate that our
method can achieve similar performance to rich-resource models when only LR
single-image inputs are available. This increases the feasibility of using the depth
estimation method in real-world applications. Our contributions can be summa-
rized in four folds:

— We propose a new approach for self-supervised monocular depth estimation
that reduces the necessity for rich-resource, such as high-resolution, multi-
frame and future frame data, while still achieving superior performance com-
pared to models that depend on such inputs.

— We propose incorporating a Prior Depth Fusion Module to effectively utilize
the prior information obtained from rich-resource inputs.

— We propose the Rich-resource Guided Loss by considering the depth predic-
tion from rich-resource inputs as a pseudo label. This approach harnesses
the consistency embedded in the pseudo label to enhance the quality of the
LR single-image model.

— We introduce an attention-guided feature selection algorithm to reduce the
computation of searching for prior depth information during inference. With
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this improvement, our model can achieve state-of-the-art performance while
maintaining high processing speed with only LR single-image inputs.

2 Related Work

2.1 Supervised Monocular Depth Estimation

Supervised monocular depth estimation remains a core focus in computer vision,
particularly for its applications in areas like autonomous vehicles and robotic
navigation. This method relies on single images to infer depth maps, where each
pixel value corresponds to the distance from the camera lens. In this domain,
the supervised approach [1,3,12,28,28,35, 36,38, 41| necessitates ground truth
depth data for training, presenting both opportunities and challenges.

The groundwork in this field was proposed by Eigen and colleagues [4], who
innovatively utilized a deep learning model for depth prediction under super-
vised conditions. Their model’s architecture featured a dual network setup, one
for coarser depth perception and another for capturing fine-grained depth de-
tails. Following this pioneering work, several researchers have contributed to
refining this approach. For instance, Li et al. [16] introduced the use of condi-
tional random fields to enhance depth predictions, providing a new dimension
to the estimation process.

Further explorations in geometry-based methods were conducted by Qi et
al. [24], who proposed separate networks for estimating depth and surface nor-
mals from images. Ummenhofer et al. [29] contributed significantly with a net-
work that predicts depth maps using structure from motion techniques. These
advancements showcase a growing sophistication in the field. However, relying
on extensive ground truth data, it is usually acquired through specialized equip-
ment like LIDAR, limits the scalability and cost-effectiveness of these methods,
and presenting an ongoing challenge for widespread application.

2.2 Self-supervised Monocular Depth Estimation

To mitigate the challenges associated with labeled data in monocular depth
estimation, Garg et al. [6] pioneered a self-supervised learning methodology. This
approach used stereo images during training, aiming to minimize the disparity
between synthesized and real images, marking a significant shift from traditional
supervised methods.

Building upon this, Zhou et al. [6] introduced a novel technique that esti-
mated both the depth map and camera pose using single-camera video sequences.
This method enabled the creation of artificial frames, facilitating the computa-
tion of disparities with real frames. However, this approach faced challenges such
as occlusion and the presence of moving objects, which impacted the accuracy
of depth estimation. Addressing these issues, Godard et al. [7] introduced a new
minimum loss approach, exploiting the complementary nature of occlusions in
adjacent frames. This allowed the model to selectively compute losses in visi-
ble areas, enhancing the accuracy of depth predictions. To address the moving
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object problem, they devised a strategy to ignore loss values from such objects,
further refining the depth estimation process.

Subsequent research in this area has seen a variety of innovative approaches [8,
15,21,23,25, 26,42, 43]. Masoumian et al. [20] developed a multi-scale monocu-
lar depth estimation method using graph convolutional networks, offering a new
perspective in this field. Guizilini et al. [9] proposed a 3D packing network, intro-
ducing a novel architecture in depth estimation. Watson et al. [33] incorporated
cost volumes to build a multi-frame model, demonstrating significant improve-
ments in depth accuracy. Furthermore, Zhou and colleagues [39] explored the
integration of semantic information to enhance depth estimation, indicating the
potential of combining different data types for improved results.

Despite these advancements, most of the best performance models in this area
rely on rich-resource data as input, which limits their application in scenarios
where capturing rich-resource data is difficult. This has motivated us to develop
a depth estimator that utilizes only low-resolution single-image data but still
produces highly accurate depth maps.

3 Method

In this section, we will provide information on the proposed Rich-resource Prior
Depth estimator (RPrDepth). In Sec. 3.1, we will explain the pipeline of the
proposed method and how it can be trained end-to-end. In Sec. 3.2, we will
introduce the core module of our method, the Prior Depth Fusion Module. Then
in Sec. 3.3, we will provide detailed information about the Rich-resource Guided
Loss and how it guides the optimization of the model prediction. Finally, in
Sec. 3.4, we will discuss the attention-guided feature selection algorithm for
reducing computation in the feature searching during the inference phase.

3.1 Rich-resource Prior Depth Estimator

Rich-resource inputs, such as high-resolution images, multi-frame inputs and
future frames, are valuable for the depth estimation task. They provide more
information compared to single-frame low-resolution images, which we refer to
as LR single-image inputs in this paper. However, in real-world scenarios, these
rich-resource inputs are not always available, limiting the application of meth-
ods that rely on them. To address this issue, we propose a LR single-image
depth estimator named Rich-resource Prior Depth estimator that bridges the
performance gap between the two types of input data.

From a general perspective, LR single-image input cannot achieve the same
performance as rich-resource inputs, as they lack the critical information en-
coded in the rich-resource inputs. For instance, when using multi-frame images
as inputs, the model leverages the disparity between adjacent frames. However,
LR single-image inputs do not possess this information and therefore cannot
directly achieve similar performance. In this paper, we propose searching for
the necessary information from the archived rich-resource inputs to bridge the
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Fig. 2: Illustration of the Training Phase of Our Pipeline. Our pipeline com-
prises two branches: rich-resource and LR single-image. The former generates precise
depth maps and features from rich-resource images, while the latter leverages these
features to achieve comparable performance.
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information gap between the two types of inputs. To be specific, we prepare a
sub-dataset called ref-dataset which consists of rich-resource data with a wide
range of variations. When we receive a LR single-image image, we search for
similar feature pixels from the ref-dataset. These pixels come from similar ob-
jects with similar geometry relationships, but they contain rich-resource data.
We can use this data to fill in the missing information in the LR single-image.

Fig. 2 provides an overview of the training pipeline for our Rich-resource
Prior Depth estimator. The pipeline consists of two branches: the upper branch
is propsoed for rich-resource guidance, while the lower branch represents the LR
single-image model. Our method is designed to be general-purpose, allowing for
the use of a multi-frame model such as [32] or a high-resolution based model [7]
for the rich-resource guidance. During the training phase, the rich-resource model
remains fixed without gradient computation.

When training the model, we begin by selecting two distinct batches I,., I
from the ref-dataset and the LR single-image training dataset. Next, we calculate
the image features using the rich-resource encoder (Encoder,.) and the LR single-
image encoder (Encodery), respectively:

fr = Encoder,(I,.); Fs = Encoders([). (1)

After that, we use a convolution module to adjust the dimension of f,. to match
that of F:

F, = Convy, (fr). (2)

To identify the most similar pixel in the reference dataset, we calculate the
affinity between the target pixels and the reference pixels:

A = Softmax(Fs ® F.). (3)



RprDepth 7

£
| ] Lo (" Affinity Matrix )=— g
[ 1| T -

L I

Ref-depth D,

Constructed D_

Prior Depth Fusion Module

Fig. 3: Illustration of the Prior Depth Fusion Module.

Then, we generate the rich-resource depth map D, by passing f, into the rich-
resource depth decoder:
D, = Decoder,(f). 4)

To efficiently extract and fuse the critical prior information encoded in the ref-
features, we propose the Prior Depth Fusion Module. This module takes A, f,,
and D, as input and produces a prior information-rich feature F, as output.
Finally, the values of F, are passed to the LR single-image decoder to generate
depth predictions D,:

D, = Decoder(F,). (5)

Finally, these predictions are used to construct the Rich-resource Guided Loss
function. The entire pipeline is trained in an end-to-end manner using this loss
function. Notably, the mentioned pipeline, which accepts both rich-resource and
LR single-image inputs, is only used during the training phase. In the infer-
ence phase, the pipeline is adjusted to accept only LR single-image inputs, as
explained in Sec. 3.4.

3.2 Prior Depth Fusion Module

In our Prior Depth Fusion Module, we have designed two types of fusion proce-
dures to effectively extract and fuse features from the ref-dataset. These proce-
dures are the pixel-wise fusion and the depth-hint fusion. The pixel-wise fusion is
responsible for completing the missing prior information in LR single-image data
using the corresponding rich-resource data as a reference. To efficiently identify
the most similar pixel, we add an auxiliary loss to guide the search process. On
the other hand, the depth-hint fusion aggregates the prior information from the
entire ref-dataset in an attention manner, without any explicit guidance.

Fig. 3 shows an illustration of the Prior Depth Fusion Module. In this mod-
ule, we first use a transformer module to extract and fuse the depth-hint prior
information from the reference features. In this transformer, we consider the
reference feature f,. as the key K and value V, and the target feature F as
the query @. Then we employ the multi-head attention to fuse the depth-hint



8 W. Han et al.

information and produce the output feature Fjy:
F; = MHA(Q,K,V). (6)

Next, we need to address the pixel-wise prior information. In the pipeline, we
have calculated the affinity between the target and reference pixels. Using the
affinity, f, and D,., we can construct a pixel-wise constructed reference feature
map F,. and constructed reference depth D.:

F.=AX f;D.=AXD,. (7)

Afterwards, we combine F, and Fs and apply a convolution module to compress
the feature map to its original number of channels. In addition to the reference
features, we also take into account the output depth of the rich-resource model
as valuable prior information. Consequently, we regard the prior depth map D,
as a reference and merge it with the feature map, similar to the reference feature,
as shown in the figure. Furthermore, the constructed depth map is utilized to
formulate an auxiliary loss. In this process, we minimize the discrepancy between
the constructed depth map and the prediction of the high-resource model. This
loss function can aid in guiding the optimization of the affinity matrix.

Notably, the Prior Depth Fusion Module involves calculating the attention
matrix between the target batch and the reference batch, an operation with a
space complexity of O(M N), where M and N are the pixel numbers of the target
and reference batches, respectively. To enhance the representation of the refer-
ence data, we should use a relatively large size for the reference batch. However,
this will result in a significant memory burden. To address this limitation and
make the pipeline easier to train, we randomly sample features from the whole
reference dataset offline (1% pixels from 2000 images). This is based on the
observation that adjacent pixels have similar geometric information. Therefore,
when we randomly sample from a large batch, the selected pixels can provide
more contextual conditions than selecting all pixels from a smaller batch.

3.3 Rich-resource Guided Loss

To enhance the performance of the proposed pipeline and the Prior Depth Fu-
sion Module, we recommend incorporating the Rich-resource Guided Loss, as
shown in Fig. 4 (a). This loss function effectively utilizes guidance from both
rich-resource inputs and the rich-resource model predictions to optimize the LR
single-image model. The proposed loss function consists of two parts: the view-
point reconstruction loss guided by rich-resource inputs and the consistency loss
guided by the predictions of the rich-resource model.

Most of the self-supervised monocular depth estimation methods use the
viewpoint reconstruction loss to guide the model optimization. Following the
previous method [7], we also use the viewpoint reconstruction as the main loss
function. As we have rich-resource inputs available during the training phase, we
choose to reconstruct the new viewpoint images from these inputs. These inputs
contain more detailed information and can provide more accurate guidance for
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Rich-resource guided loss. (b) Illustration of Attention Guided Feature Selection. (c)
The Inference Pipeline of RPrDepth.

the model. To bridge the resolution gap between our prediction and the rich-
resource inputs, we upsample the prediction with cubic interpolation algorithm
to match the size of the target image, and the final reconstruction loss is defined
as:

Lyp = lyp (Resize(D,), I) (8)

In addition to the reconstruction loss, we also leverage the pseudo labels
generated by the rich-resource model to optimize the LR single-image model.
rich-resource models typically produce depth maps with greater detail accuracy,
particularly in the edge areas, compared to ordinary LR single-image depth
estimators. Therefore, it is meaningful to utilize the advantages of rich-resource
predictions to instruct the LR single-image model. However, directly using the
pseudo label as the target and minimizing the difference between the predictions
and the pseudo labels is not a desirable approach. Since the models are trained
in a self-supervised manner, their predictions represent relative disparity rather
than accurate depth values. As a result, different models may have variations in
scale in their predictions. Hence, we choose to minimize the gradients along the
x and y axes between the prediction and the rich-resource predictions.

Specifically, we start by calculating the gradient on the x and y-axis of the
output depth map D, and the pseudo label generated offline D,. It’s important
to note that despite both D, and D, being depth maps generated by the rich-
resource model, they’'re derived from different batches. Specifically, D, comes
from the reference batch, while D,, is from the training batch. Next, we normalize
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the two gradient maps and add up the x and y-gradients.

Gr.y(Dy) = Norm(V,.D,) + Norm(V,D,)
G.y(Dy) = Norm(V,.D,) + Norm(V, D,).

We use an L1 loss to minimize the gradient difference:
Le= ||é:r,y(D0) - éx,y(Dp)HL (10)

Additionally, as mentioned in the previous section, we use an auxiliary loss Lauyx
to guide the optimization of the affinity matrix. To achieve this, we up-sample
the constructed depth-map D, to the same size as the pseudo label D,,. We then
minimize the difference between them directly. Since D, is constructed directly
from the pixels of the high-resource model prediction, it must have the same
scale factor as D,,. Therefore, we can simply minimize their difference rather
than the gradient:

Lauwx = ||Dp — Resize(D,)||:. (11)

The final loss is determined by the combination of the reconstruction loss, the
consistency loss and the auxiliary loss:

L =aly, + BLc + Laux, (12)

where «, 8 are the balance ratios.

3.4 Attention Guided Feature Selection

As mentioned in the previous sections, the number of the reference dataset is
crucial. The reference dataset should have sufficient variety to encompass all
possible conditions that may be found in the target image. However, if the size
of this reference dataset is too large, it may result in a significant computational
burden when searching for the reference pixels. To overcome this limitation, we
propose a new solution that involves using a subset of the reference dataset in-
stead of the entire dataset during the inference phase. This subset is selected
to be the most representative of the reference dataset. To achieve this, we in-
troduce the attention-guided feature selection algorithm, as shown in Fig. 4 (b).
The proposed algorithm selects the features from the reference dataset in an
attention-based manner.

In the depth-hint fusion procedure, the reference features are used with multi-
head attention, while in the pixel-wise fusion procedure, the features are incorpo-
rated with a learnable affinity matrix. By leveraging these two weight matrices,
we can determine which pixels are more important for the target image. We then
aggregate the weight matrices across the entire validation dataset and calculate
the average weight matrix for each pixel in the reference dataset:

N
1
Wavg = N Z(Az + AMHA,i) (13)

=1



RprDepth 11

Finally, we sort the pixels in the matrix and select the ones with the highest
weight to represent the entire reference dataset.

We store the pixels with the highest weight value. These pixels serve as the
depth-prior data, which remains unchanged during the inference phase. Once
the depth-prior data is generated, we replace it with the original rich-resource
model in our pipeline and fine-tune the LR single-image model for a few epochs.
Surprisingly, we find that the performance of the LR single-image model does
not decrease due to the decrease in computation, but actually outperforms the
original model. We attribute this to the fact that the selected pixels are more
concise and meaningful, contributing to the improved performance. By elimi-
nating other irrelevant pixels that may cause interference, the model can better
learn to utilize this prior information.

The final inference pipeline is shown in Fig. 4(c). In comparison to the original
ref-dataset based pipeline, the compressed prior data is only less than 1% of
the original size (from 2,560,000 to 25,000 pixels), significantly reducing the
computational load.

4 Experiment

For all the training and evaluation processes, we utilize one work station with
a single V100 GPU. To demonstrate the enhancements, we integrate these ad-
vancements alongside a recent, highly efficient baseline known as DIFFNet [39],
inspired by the HR-Net networks [19,27]. For the high-resource guidance, we
have opted for ManyDepth [32] as our choice. ManyDepth is a well-known base-
line model that utilizes multi-frame images as input. During the training of our
model, we specifically chose the HR version of ManyDepth to provide the feature
prior and loss guidance. This model accepts multi-frame, high-resolution images
along with future frames as input.

4.1 Comparison on KITTI

The KITTI dataset stands out as a widely utilized benchmark in the field of
computer vision. It’s also highly regarded as a benchmark in the area of self-
supervised monocular depth estimation. Our approach utilizes the data parti-
tioning strategy mentioned in [4] as a foundation for our models, and we follow
the preprocessing steps outlined in [40] to eliminate static frames. During the
training phase, we randomly select 2,000 triplets from the training dataset as the
reference dataset, and use the remaining 37, 810 triplets as the training data.
When running the feature selection procedure, we use a separated validation set
as the target, ensuring that it has no overlap with the test set.

SOTA comparison Table 1 presents our RPrDepth’s assessment on the Figen
split [4], categorizing results by low and high resolutions. We utilize seven metrics
for comparison, with AbsRel, SqRel, RMSE, RMSFElog as error metrics where
lower scores indicate better performance. Conversely, § measures the deviation
from actual depth values, with § < 1.25, § < 1.252, § < 1.25% being accuracy
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Table 1: The SOTA comparison on KITTI Eigen Split [4]. We evaluate our
methods against established models on this benchmark, using three self-supervision
techniques: “M" for monocular videos, “S" for stereo images, and “MS" for both. The
best and second-best results are marked in bold and underline, respectively.

Method ‘ TestFrames ‘ Resolution ‘ Trian ‘ Abs Rel Sq Rel ‘ RMSE ‘ RMSE log‘ 0 <1.25 0 <1.25 ‘ 5 < 1.25°

Monodepth2 [7] 1 640 x 192 | M 0.115 | 0.903 | 4.863 0.193 0.877 0.959 0.981
PackNet-SfM [9] 640 x 192 | M 0.111 | 0.785 | 4.601 0.189 0.878 0.960 0.982

HR-Depth [19] 640 x 192 | M 0.109 | 0.792 | 4.632 0.185 0.884 0.962 0.983
DIFFNet [39] 640 x 192 | M 0.102 | 0.764 | 4.483 0.180 0.896 0.965 0.983
BRNet [34] 640 x 192 | M 0.105 | 0.698 | 4.462 0.179 0.890 0.965 0.984

640 x 192 | M | 0.108 | 0.806 | 4.594 | 0.184 0.884 | 0.963 0.983
640 x 192 | M | 0.107 | 0.765 | 4.561 | 0.183 0.886 | 0.963 0.983
640x 192 | M | 0.106 | 0.799 | 4.662 | 0.187 0.889 | 0.961 0.982
640 x 192 | M | 0.098 | 0.770 | 4.459 | 0.176 | 0.900 | 0.965 0.983
640 x 192 | M | 0.097 0.658 |4.279| 0.169 | 0.900 0.967 | 0.985
640 x 192 | S | 0.109 | 0.873 | 4.960 | 0.209 0.864 | 0.948 0.975
640 x 192 S 0.103 | 0.792 | 4.716 0.197 0.876 0.954 0.978
640x 192 | S | 0.098 0.716 |4.538| 0.185 | 0.885 0.960 | 0.980
640 x 192 | MS | 0.107 | 0.785 | 4.612 | 0.185 0.887 | 0.962 0.982
640 x 192 | MS | 0.101 | 0.749 | 4.445 | 0.179 0.898 | 0.965 0.983
640 x 192 | MS | 0.099 | 0.685 | 4.453 | 0.183 0.885 | 0.962 0.983
640 x 192 | MS | 0.095 0.638 | 4.232| 0.169 | 0.902 0.970 | 0.985

1280 x 384 | M 0.107 | 0.802 | 4.538 0.186 0.889 0.962 0.981
1024 x 320 M 0.106 | 0.755 | 4.472 0.181 0.892 0.966 0.984

MonoFormer [2]
Lite-Mono [37]
Wang et al. [30] 2
ManyDepth [32] 2
RPrDepth (ours)
Monodepth2 [7]
BRNet [34]
RPrDepth (ours)
HR-Depth [19]
DIFFNet [39]
BRNet [34])
RPrDepth (ours)
PackNet-SfM [9]
HR-Depth [19]

EQEVQ UG U LIV U [PPSRV | ULV P PSP, [
ce

DIFFNet [39] 1024 x 320 M 0.097 | 0.722 | 4.435 0.174 0.907 0.967 0.984
BRNet [34] 1024 x 320 M 0.103 | 0.684 | 4.385 0.175 0.889 0.965 0.985
Lite-Mono [37] 1024 x 320 M 0.102 | 0.746 | 4.444 0.179 0.896 0.965 0.983
Wang et al. [30] 2 1024 x 320 M 0.106 | 0.773 | 4.491 0.185 0.890 0.962 0.982

~
e

ManyDepth-HR [32]| 2
RPrDepth (ours)
Monodepth2 [7]
BRNet [34]
RPrDepth (ours)
HR-Depth [19]
BRNet [34]
DIFFNet [39]
RPrDepth (ours)

1024 x 320 M | 0.093 | 0.715 | 4.245 | 0.172 0.909 | 0.966 0.983
1024 x 320 M | 0.091 0.612 | 4.098| 0.162 | 0.910 0.971 | 0.986
1024 x 320] S | 0.107 | 0.849 | 4.764 | 0.201 0.874 | 0.953 0.977
1024 x 320] S | 0.097 | 0.729 | 4510 | 0.191 0.886 | 0.958 0.979
1024 x 320| S | 0.091 0.689 |4.412| 0.185 | 0.892 0.959 | 0.979
1024 x 320| MS | 0.101 | 0.716 | 4.395 | 0.179 0.899 | 0.966 0.933
1024 x 320 MS | 0.097 | 0.677 | 4.378 | 0.179 0.888 | 0.965 0.984
1024 x 320 MS | 0.094 | 0.678 | 4.250 0.172 0.911 0.968 0.984
1024 x 320| MS | 0.089 0.613 |4.120| 0.159 | 0.913 0.970 | 0.985

metrics where higher scores are favorable. Our RPrDepth tops all categories in
terms of supervision types and resolutions.

As shown in this table, our model with LR single-image input outperforms our
baseline model DIFFNet, and even outperforms the guiding model ManyDepth-
HR, which is based on multi-frame high-resolution inputs. Notably, the per-
formance of ManyDepth in this table is without future frames, because future
frames are not available during inference.

Qualitative Results Fig. 5 shows a comparison between our model, DIFFNet,
and the guiding model ManyDepth. In comparison to models with rich-resource
input, our model performs better on moving objects, as demonstrated in Fig. 5
(a). This is because multi-frame based methods are not well-suited for moving
objects [32]. However, our model can identify relevant information for moving
objects and correct the issue. Additionally, compared to other single image mod-
els, our model can address incorrect depth predictions caused by texture, as seen
in Fig. 5 (c) with the arrow on the road. Ordinary LR single-image models strug-
gle to distinguish texture, but our model leverages prior information from rich
references to solve this problem.
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Fig. 5: Qualitative results on the KITTI Eigen split test set. Our RPrDepth
can correct the errors of both LR single-image models and rich-resource based models.

Table 2: Make3D results with monocular training and 640 x 192 inputs.

Architecture ‘ Abs Rel | ‘ Sq Rel | ‘ RMSE| ‘ logio

Monodepth2 0.322 3.589 7.414 0.163
BRNet 0.302 3.133 7.068 0.156
RPrDepth 0.288 2.868 6.532 0.145

4.2 Comparison on Make3D and Cityscapes

Make3D dataset is composed of both single-camera RGB images and their
related depth maps. It lacks stereo images and monocular sequences, rendering
it unsuitable for training self-supervised monocular depth estimation models.
However, it is commonly used as a test set to assess the performance of networks
on a varied dataset. In our study, we evaluated our models against other notable
research in this area. The results, as detailed in Table 2, reveal that our models
surpass all competing methods, indicating their robustness in adapting to novel
environments. Utilizing monocular training with a resolution of 640 x 192, our
approach records 0.288 in AbsRel and 6.532 in RM SFE, markedly surpassing
other leading models in performance.

Citiscapes dataset stands as a key resource in the field of semantic segmenta-
tion, particularly for autonomous driving applications. It encompasses a collec-
tion of stereo video sequences, which are instrumental for training self-supervised
depth estimation models. Adhering to the approach outlined in [33], we con-
ducted training and evaluation of our RPrDepth model using the Cityscape
dataset. The outcomes, as presented in Table 3, demonstrate that RPrDepth
remarkably exceeds the performance of numerous advanced models.

4.3 Ablation Study

We performed several ablation studies on the KITTI dataset. We used the Eigen
split [4] to validate the effectiveness of the proposed modules: Prior Depth Fusion
(PDF) module, Attention Guided Feature Selection (AGFS), and Rich-resource
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Table 3: Cityscape results follow the settings of [33].

Architecture ‘ Frames ‘ Abs Rel | ‘ RMSE| ‘ 6<1.257
Monodepth2 [7] 1 0.129 6.876 0.849
Li et al. [17 1 0.119 6.980 0.846
ManyDepth [32] 2 (-1, 0) 0.114 6.223 0.875
RPrDepth 1 0.111 6.243 0.890

Table 4: Ablation study of the proposed RPrDepth.

Components ‘ Abs Rel | ‘ RMSE | ‘ 0< 1257
Baseline 0.102 4.483 0.896
+ PDF 0.098 4.284 0.898
+ AGFS 0.098 4.240 0.898
+ RGL 0.100 4.321 0.897
+ Full 0.097 4.279 0.900

Guided Loss (RGL). Specifically, +PDF indicates the baseline model with rich-
resource feature prior, +AGFS module indicates that we replaced the reference
dataset with the selected features, and +RGL indicates that the model was
trained with the proposed new loss function. Lastly, +Full indicates the model
with all the components.

As shown in Table 4, integrating prior information from rich resource data
significantly improves the model across all metrics. After applying the feature
selection algorithm, we further enhance the performance, particularly in terms
of the RM S E metric. Additionally, the computational burden of the search pro-
cess is significantly reduced. Overall, the feature selection algorithm reduces the
number of features to just 1% of the entire reference dataset. The proposed RGL
also clearly improves performance. Finally, the combination of all components
achieves the best performance.

5 Conclusion

In the field of self-supervised depth estimation, many top-performing models use
rich-resource images as input, such as multi-frame images and high-resolution
images. However, these rich-resource inputs are not always available in real-world
applications. Therefore, in this paper, we propose a new depth estimation model
that leverages the prior information encoded in rich-resource images during the
training and uses only a single image to generate the depth map during the infer-
ence phase. Specifically, we propose three key modules. The first module is the
Prior Depth Fusion, which efficiently combines the prior features. The second
module is the Rich-resource Guided Loss, which guides the optimization of LR
single-image models. Lastly, we introduce the Attention Guided Feature Selec-
tion algorithm to enhance the searching efficiency from the reference images. We
aim for our method to provide a new perspective on improving the practicality
of high-performance depth estimation.
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