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Abstract: Monocular depth estimation is a critical component in understanding spatial relationships for various

computer vision applications, including autonomous driving and augmented reality. However, accurate depth

prediction remains challenging due to two primary factors: (1) the low pixel density of objects in distant regions

and (2) the loss of essential features during the resolution reduction process in traditional encoder architectures.

To address these challenges, this work introduces an innovative encoder-decoder architecture that incorporates

uncertainty maps to improve feature extraction, particularly in long-distance regions. The proposed model utilizes

auxiliary uncertainty networks to identify areas with high prediction difficulty, enabling the generation of more

robust feature representations through hierarchical feature combinations. Additionally, the decoder architecture

is designed to emphasize structural details by introducing an uncertainty edge weighting mask (UEWM) generation

module, which further enhances depth prediction performance in challenging regions. Experimental results

demonstrate that the proposed method significantly improves depth estimation accuracy in long-range scenarios, as

evaluated on the Karlsruhe Institute of Technology and Toyota Technological Institute (KITTI) and Dense Depth for

Autonomous Driving (DDAD) datasets. These findings highlight the potential of this uncertainty-aware monocular

depth estimation approach for practical applications, including autonomous driving and robotic perception.

Key words: monocular depth estimation, uncertainty, deep learning, uncertainty edge weighting

1 Introduction

Depth estimation, the process of predicting object
distance from a given viewpoint, plays a crucial
role in enabling spatial understanding across various
applications. It is especially vital in autonomous
driving, where precise depth information is required
to detect obstacles, navigate environments, and ensure
safe decision-making. Advanced technologies, such
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as Light Detection and Ranging (LiDAR), have been
widely adopted for this purpose due to their ability to
produce highly accurate depth maps. However, the
high costs and operational complexities associated with
LiDAR systems limit their scalability for mass-market
deployment. In autonomous driving systems, depth
estimation is integral to perceiving the environment and
ensuring safety. Accurate depth maps enable vehicles
to identify obstacles, maintain appropriate distances,
and plan collision-free paths. Although LiDAR has
proven effective, its reliance on specialized hardware
introduces challenges such as device bulkiness, high
maintenance costs, and potential reliability issues under
certain conditions (e.g., adverse weather). To address
these limitations, researchers have increasingly focused
on camera-based depth estimation techniques [1],
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(c)

Fig. 1 The visualization of the the difference between the
predicted depth map and ground truth depth map: (a) the depth
map predicted by GEDepth [9], (b) the ground truth depth map,
and (c) the relative difference in depth.

[2], [3]. Cameras, being compact, cost-effective,
and widely available, offer an appealing alternative
for depth prediction. Furthermore, advancements in
computer vision and deep learning have enhanced
the accuracy and efficiency of camera-based methods,
demonstrating their viability for real-world autonomous
driving applications [4], [5].

Conventional approaches to depth estimation
primarily relied on disparity calculation using stereo
image pairs. These methods aimed to achieve
high-accuracy depth information by optimizing
the correlation between two images through stereo
matching techniques [6]-[14]. While effective, the
reliance on stereo image pairs introduced complexities
in hardware and system design. To address these
challenges, recent research has focused on improving
practicality and efficiency without compromising
accuracy. Notably, monocular depth estimation
techniques have emerged as a compelling alternative.
These methods utilize a single image to predict
depth, eliminating the need for stereo image pairs
and the associated hardware complexity. Remarkably,
monocular approaches have demonstrated performance
comparable to, or even surpassing, traditional stereo-
based methods, making them a promising solution for
real-world applications.

Recent studies have advanced monocular depth
estimation by categorizing it into self-supervised
and supervised learning approaches. Self-supervised
methods [15]-[22] aim to address the limitations
of supervised learning by generating depth maps
using pose networks, offering the advantage of
reduced reliance on labeled data. However, their
performance often falls short compared to supervised
learning techniques [1]-[36]. However, supervised
learning approaches continue to evolve, incorporating
innovative techniques to achieve higher accuracy and
significantly enhance the performance of monocular
depth estimation.

Monocular depth estimation typically relies on
an encoder-decoder architecture, where the encoder
extracts features from the input image, and the decoder
generates the corresponding depth map. However, this
process faces a significant challenge: during iterative
down-sampling in the encoder stage, spatial details are
inevitably lost. This loss of detail adversely impacts
prediction accuracy, particularly in long-range regions,
where precise depth estimation is more challenging.

Figure 1 illustrates the error visualization example
between the predicted depth map using the Ground
Embedding for Monocular Depth Estimation
(GEDepth) [9] model and the actual depth values.
In this visualization, darker colors represent larger
errors compared to the ground truth. The results
reveal that the prediction errors are more pronounced
in long-distance regions. This is primarily due to
structural limitations, as only a small amount of pixel
information is available for predicting depth values
for distant objects. Additionally, when calculating the
absolute depth difference for visualization, the absolute
error tends to increase proportionally with the depth
value, further amplifying the errors at greater distances.
To compensate for this, the relative error is as follows:

Relative Error =

∣∣∣D̂i −Dgt
i

∣∣∣
Dgt

i

(1)

where D̂i is the predicted depth map and Dgt
i is ground

truth depth map.
This visualization of relative errors highlights the

difficulty of the network in accurately predicting depth
in long-range regions. These challenges stem from
two primary factors: the limited amount of information
available in distant areas and the loss of spatial detail
caused by down-sampling during encoding. To address
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these limitations, this paper introduces an encoder
and decoder modeling technique designed to enhance
prediction accuracy specifically in long-range regions.
The contribution of this paper can be addressed as
follows:

• We utilize an uncertainty map to identify some
areas where more information is needed in the
encode model. By providing more detailed
feature information to areas with high uncertainty,
this approach mitigates the errors associated with
distant objects.

• A novel decoder learning method is proposed to
improve the network’s ability to effectively capture
edge information in long-range regions, thereby
boosting overall performance.

By providing more detailed feature information to
areas with high uncertainty and designing a mechanism
to give more attention for long-range regions, the
network’s ability can be effectively improved.

The rest of the paper is as follows. Section 2
presents the related work. Section 3 describes the
proposed network framework in detail. Section 4
provides simulation results and performance evaluation.
Finally, Section 5 concludes the paper and discusses
future work.

2 Related Work

2.1 Encoder modeling for monocular depth
estimation

Supervised learning-based monocular depth
estimation models typically adopt an encoder-decoder
architecture, with methods generally categorized into
encoder modeling and decoder modeling. Encoder
modeling focuses on extracting features that are
well-suited for generating accurate depth maps.

However, convolutional neural network (CNN)-based
encoders face challenges in capturing the global context
of an image due to their inherently limited receptive
field. To address this limitation, models such as
From big to small (BTS) [10], Deep ordinal regression
network (DORN) [2], multiscale feature fusion depth
prediction (MFFDP) [11], and Global Understanding
module (GUM) [12] have incorporated techniques
such as atrous spatial pyramid pooling (ASPP) [13]
further improves performance by leveraging channel

and spatial attention modules to better utilize spatial
information. Despite these advancements, the ability
of CNN-based encoders to fully capture spatial details
remains limited, leaving room for further improvement.

Transformer-based encoders have been introduced to
address the limitations of CNN-based approaches. For
example, the Dense Prediction Transformer (DPT) [34]
model replaces CNNs with Vision Transformers and
utilizes patch embedding resampling to generate
dense and consistent depth maps in depth estimation
tasks. Similarly, the bilateral residual depth network
(BRNet) [35] enhances the accuracy of the depth
map by incorporating transformer-based branches
that effectively capture global contextual information.
Although Transformers excel in modeling global
contexts, they face challenges in capturing local
patterns within images. Moreover, the patch-based
embedding process can disrupt spatial continuity, which
may hinder the network’s ability to maintain consistent
depth predictions across the image. As a result,
Transformer-based encoders may struggle with accurate
depth estimation, particularly in long-range regions
where precision is critical.

DepthFormer [36] by Li et al. combines the strengths
of CNNs and Transformers to enhance depth map
accuracy, using modules that integrate features between
encoders and decoders for improved performance
across both close and far distances.

The use of attention mechanisms in Transformers
allows the model to capture global information,
ensuring consistent depth predictions across the same
object within a single image. This approach has
led to performance improvements in monocular depth
estimation. However, it still has limitations in
capturing fine-grained features in challenging regions,
particularly in long-range areas. While Attention-
based methods excel at incorporating global contextual
information, they may suffer from information loss in
distant regions, where fine-grained structural learning
at the pixel level is crucial.

To address this issue, we propose an uncertainty
edge weighting mask (UEWM) method. The proposed
method is designed to effectively learn structural
features in highly uncertain long-range regions, thereby
improving depth prediction accuracy in areas where
existing models struggle.
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2.2 Monocular depth estimation based on
uncertainty

Various studies have explored the use of uncertainty to
improve the accuracy of monocular depth estimation.
Poggi et al. [15] investigated the intrinsic causes of
uncertainty in self-supervised methods, highlighting
their limitations. Nie et al. [17] proposed a
method to iteratively improve model performance
by incorporating self-improving uncertainty during
training. Xiang et al. [18] enhanced prediction
reliability by enabling models to quantify and
understand uncertainty. Zhou et al. [19] improved
self-supervised depth estimation using self-distillation
and uncertainty boosting techniques, enhancing overall
reliability.

Hornauer et al. [23] introduced the Gradient-based
Uncertaining method to quantify uncertainty in depth
estimation. Asai et al. [24] proposed a multi-task
learning approach that jointly optimizes monocular
depth estimation and semantic segmentation, enhancing
both depth prediction accuracy and predictive
uncertainty. Additionally, significant efforts have
been made to enhance monocular depth estimation
models using self-supervised learning. Kendall et
al. [25] also integrated Bayesian techniques into deep
learning models, providing a robust framework for
quantifying uncertainty and improving the reliability of
depth estimation systems. Franci et al. [26] developed a
scalable deterministic uncertainty method (DUM) that
mitigates the Lipschitz constraint, facilitating efficient
uncertainty estimation.

However, these studies primarily focus on overall
depth estimation accuracy and overlook specialized
improvements for distant regions. To address this gap,
we propose an encoder-decoder modeling approach
specifically designed to improve depth estimation
accuracy in long-range regions. This approach
complements previous works by optimizing depth
predictions where existing models often struggle,
ensuring high accuracy at far distances.

In addition, studies using vanishing points [43],[44]
were conducted to improve the prediction accuracy
of depth estimation. However, extracting vanishing
points accurately is very difficult problem in various
environments such as road driving, and securing a
dataset containing vanishing point information is also
practically limited. To overcome this limitation, we
propose a method of dynamically calculating the area

where uncertainty is concentrated instead of directly
utilizing vanishing points and generating a weight mask
based on them. Nearby vanishing points typically
correspond to distant regions, and hence weighting
around vanishing points enables effective distant region
learning. The proposed method induces the network
to learn structural features at long distances more
effectively by weighting around regions with high
uncertainty.

3 PROPOSED METHOD

This section highlights two key strategies for
enhancing accuracy in high-uncertainty depth
estimation: (1) hierarchical feature enhancement
in the encoder and (2) uncertainty-edge-weighted depth
regression in the decoder. The entire architecture of the
proposed model is presented in Figure 2. The proposed
network consists of three parts: Uncertainty Network,
Encoder, and Decoder. Specifically, Uncertainty
Networks play an important role for encoders and
decoders. In the encoder stage, the uncertainty network
provides uncertainty-aware features, enabling them
to learn more robust feature representations. This
allows the network to extract more robust features,
even in areas where predictions are difficult, which
are covered in detail in Section 3.1. In the decoder
stage, the uncertainty network is leveraged to generate
an uncertainty map, and based on this, a mask that
highlights the critical edges of the long-distance regions
is generated. This mask helps the network learn the
long-distance depth information more precisely, which
is discussed in Section 3.2.

3.1 Hierarchical Feature Enhancement Modeling
in the Encoder

We propose a novel encoder structure that leverages
uncertainty information to enhance depth estimation
accuracy in high-uncertainty regions for monocular
depth estimation. The encoder extracts compact
features, capturing local and global relationships from
input RGB images, to address challenging depth
estimation areas. This design integrates an uncertainty-
auxiliary network, CNN block, transformer block,
and Hierarchical Aggregation and Heterogeneous
Interaction (HAHI) module [36]. Specifically, the
Uncertainty-Auxiliary Network (Θu) generates the
uncertainty map (U ) and hierarchical features Fu =

{F i
u ∈ RH/2i×W/2i×C , i = 1, 2, 3, 4} from the input
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Fig. 2 The architecture of the proposed network model.

RGB image, I = {I ∈ RH×W×3}.

F 1
u , F

2
u , F

3
u , F

4
u , U = Θu(I), (2)

where U is the predicted uncertainty map, F i
u is the

uncertainty-based feature, H is the height, W is the
width, and C is the number of channels. The CNN
block (Θc) learns the input image locally to extract the
feature (Fc).

Fc = Θc(I). (3)

The Transformer block (Θt) combines the RGB
image I and the uncertainty-encoded features
(Fu), generating the feature Fa = {F i

a ∈
RH/2i×W/2i×C , i = 1, 2, 3, 4}, which captures
both the global dependencies and the uncertainty
information.

F 1
a , F

2
a , F

3
a , F

4
a = Θt(I, F

1
u , F

2
u , F

3
u , F

4
u ). (4)

In the hierarchical feature fusion process, the F i
u and

F i
a from each layer are concatenated along the channel

dimension, and enhanced features F i
a are generated

through a 1×1 convolution, normalization, and ReLU
activation.

ẑi = MSA(LN(zi−1)) + zi−1, (5)

zi = MLP(LN(ẑi)) + ẑi, (6)

F i
a = ReLU(Norm(Conv(cat(zi, F i

u)))), (7)

where i is a layer index, MSA is a Multi-Head Self-
Attention, MLP is a Multi-Layer Perceptron, LN is
Layer Normalization, and z is a feature extracted from
transformer block. The uncertainty map (U ) is added
to Fc extracted from the CNN block to generate the
uncertainty-aware feature (F a

c ).

F a
c = Fc + U. (8)

Finally, the HAHI module [36] (Θh) takes Fa

and F a
c as inputs, incorporates regional and global

relationships, and preserves and reinforces uncertainty
information. This eventually delivers the encoded
feature (Fenh) to the decoder (depth generator).

Fenh : F 1
h , F

2
h , F

3
h , F

4
h , F

c
h = Θh(F

1
a , F

2
a , F

3
a , F

4
a , F

a
c ),

(9)
where F i

h(i = 1, 2, 3, 4, c) is the output feature of the
HAHI module [36].
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6 Tsinghua Science and Technology

The generated uncertainty perception feature
accurately identifies high-uncertainty regions and
provides representations closely matching their correct
depth values. This approach addresses a key challenge
in monocular depth estimation by improving depth
estimation accuracy in such areas. The encoder
structure is illustrated in Figure 3.

3.2 Depth Map Regression Based on UEWM in the
Decoder

The uncertainty network generates an uncertainty
map, where higher values indicate lower confidence
in depth prediction, often corresponding to distant
objects. We propose an uncertainty edge weighting
mask (UEWM) to emphasize structural details in high-
uncertainty regions. This mask enhances the network’s
ability to accurately predict depth in these areas.

3.2.1 Computation of UEWM
First, we apply a 3×3 Sobel filter mask to extract the

edge of the object from the input RGB image (I), which
we define as the edge map (S):

S = Gx,y(I). (10)

Here, Gx,y denotes the Sobel filter mask, and S

represents the filtered edge map.
In regression-based Monocular Depth Estimation, it

is challenging to directly interpret the uncertainty of
depth predictions. Based on Xiang et al. [18], we apply
Softmax to transform the model’s predictions into a
probabilistic perspective and use entropy to quantify the
uncertainty. Based on this approach, an uncertainty map
(U ) is generated, and the uncertainty for each pixel is
defined as follows:

P = Softmax(z), (11)

U = α×H(D′) = −α
n∑

i=1

Pi × log(Pi), (12)

where z is the latent feature produced by the model
before regressing the final depth map, i denotes the
index of a depth range, and n represents the total
number of depth ranges. P indicates the probability that
a pixel belongs to each depth range. H is the entropy
function, and D′ is a random variable to represent the
depth prediction. α is a learnable parameter that adjusts
uncertainty values for stable training.

Based on the uncertainty map (U ), we generate a
weight mask to highlight distant regions by setting
a threshold (Uth) as the average pixel value of the
uncertainty map:

Uth =

∑
p∈Ω U(p)

N
(13)

where Ω represents the entire set of pixels in the image,
p represents individual pixels, and N represents the
total number of pixels.

Then, the center point of the region is calculated by
selecting the pixels with uncertainty values greater than
or equal to Uth. The center points (Vx, Vy) represent the
center positions of the region with high uncertainty.

Vx =

∑
U(p)≥Uth

xp

Nhigh

, (14)

Vy =

∑
U(p)≥Uth

yp

Nhigh

, (15)

where xp and yp are the location of the extracted
uncertainty pixels, Nhigh means the number of pixels
with high uncertainty. By calculating the Euclidean
distance between the center points (Vx, Vy) and each
pixel (x, y), a distance-based weight map Wdist is
generated. Based on this, we subtract Wdist from the

Fig. 3 The details of encoder architecture.
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(a) (b)

(c) (d)

(e) (f)

Fig. 4 Left column: Predicted uncertainty maps, right column: the edge-aware weighting mask based on this uncertainty map by the
proposed method.

maximum value of the entire pixel value to give a larger
weight to the pixels close to the center point (Vx, Vy),
which is normalized to generate the final weight map
Ŵdist:

Wdist(p;x, y) =
√
(Vx − x)2 + (Vy − y)2, (16)

W ′
dist(p;x, y) = max(Wdist(p;x, y))−Wdist(p;x, y),

(17)

Ŵdist(p;x, y) =
W ′

dist(p;x, y)√
H ×W

, (18)

Subsequently, we combine normalized distance-
based weights with the uncertainty map (U ) to generate
the uncertainty weight map (Euncert):

Euncert = Wdist(p;x, y)× U(p). (19)

Finally, we multiply the edge map (S) with the
uncertainty weight map (Euncert) to generate the final
uncertainty edge weight mask (Ew):

Ew = Euncert × S. (20)

Figure 4 compares the predicted uncertainty map
(U(p)) with the proposed UEWM (Ew). The left

image displays the original U(p), while the right image
shows Ew, created by combining U(p) and the edge
map (S). Red areas represent Ew, clearly highlighting
edges in high-uncertainty regions. This demonstrates
that structural information in uncertain areas, including
distant objects, is effectively emphasized.
3.2.2 Hierarchical Fusion of Uncertainty-Aware

Features for Depth Map Regression
During decoding, the encoded feature Fn (n =

1, 2, 3, 4, c) is combined with an uncertainty edge
weighting map of the same resolution in each decoder
layer. This hierarchical structure up-samples the
features five times to the resolution of the next layer.
The uncertainty edge weighting map provides shape
information for distant objects, enabling the model to
capture their details more effectively.

F i+1
d = LeakyReLU(Norm(Conv(F I

u (+)F i+1
u ))),

(21)

F̂ i+1
d = F i+1

d + Ew, (22)

D = θd(F
1
h , F

2
h , F

3
h , F

4
h , F

c
h, E

1
w, E

2
w, E

3
w, E

4
w, E

5
w).

(23)
Here, F i

d (i = 1, 2, 3, 4) represents features from the i-
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th decoder layer, F dc is the feature combined with the
uncertainty edge weighting map, and D is the regressed
depth map. The structure outputs the decoded feature
F 5

d to generate the depth map. The detailed decoder
structure is shown in Figure 5. This structure guides the
network to identify high-uncertainty regions, providing
valuable information for more accurate predictions.

4 Experimental Results

4.1 Datasets

This study evaluates methods to enhance long-
distance depth estimation performance using outdoor
datasets collected in road driving environments.
Specifically, the KITTI [37] and DDAD [38] datasets
were used to compare and analyze monocular depth
estimation performance in autonomous driving systems.
These datasets, with their unique characteristics, serve
as key benchmarks for validating depth estimation
across diverse driving scenarios.

(1) KITTI: The KITTI [37] dataset is one of the
most widely used benchmark datasets in monocular
depth estimation research, in which RGB images with
a resolution of 1241 × 376 pixels are used as input
data and depth maps obtained by LiDAR sensors are
used as ground truth. Furthermore, the KITTI [37]
dataset provides calibration information between the
sensor and the camera to help accurately apply intrinsic
and extrinsic parameters. In this study, we follow the
standard Eigen [39] training/test split method of the
KITTI [37] dataset, using 23,158 images as training
data and 697 images as test data.

(2) DDAD: Compared to the standardized KITTI [37]

dataset, the DDAD dataset provides high-resolution
and high-density depth information that supports a
wide range of tasks required for autonomous systems.
Specifically, the KITTI [37] dataset provides a depth
range from 0 to 80 m, while the DDAD dataset [38]
supports a wider prediction range from 0 to 250 m,
providing a more challenging benchmark. In this work,
we utilized the DDAD [38] dataset to use 12,650 images
(150 scenes) for training and 3,950 images (50 scenes)
for testing, and all experiments were conducted at four
time points: forward, backward, left, and right, as
defined in [40].

4.2 Evaluation Metrics

To demonstrate the performance of Monocular Depth
Estimation, all results are evaluated with a total of seven
metrics. These metrics include Absolute Relative Error
(Abs Rel), Squared Relative Error (Sq Rel), Log root
mean square error (RMSE log), and Threshold-based
accuracy (δ < 1.25, 1.252, and 1.253). Threshold-
based accuracy refers to the probability that the ratio
of predicted depth values to ground truth is less than
certain thresholds (1.25, 1.252, 1.253), and so this
probability increases as the threshold increases. The
Abs Rel and RMSE metrics show higher performance
with smaller values, and threshold-based accuracy
shows higher performance with larger values.

Abs Rel : 1
N

∑
i

|D̂i−Dgt
i |

Dgt
i

,

Sq Rel : 1
N

∑
i

|D̂i−Dgt
i |2

Dgt
i

,

RMSE :

√
1
N

∑
i

∣∣∣D̂i −Dgt
i

∣∣∣2,

Fig. 5 The details of decoder architecture.
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Fig. 6 Comparison of the depth prediction results by the other methods and our approach on three scenes of KITTI [37].

Ju
st

 A
cc

ep
te

d



10 Tsinghua Science and Technology

Table 1 Comparison of the model with the proposed method and monocular depth estimation model based on Swin-Transformer [41]
on KITTI [37] dataset ([value] = amount of improvement, red color=best performance).

Model Range Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log ↓ δ < 1.25 ↑ δ < 1.252 ↑ δ < 1.253 ↑

DORN [2] Overall 0.072 0.307 2.727 0.120 - - -
DPT [34] Overall 0.062 0.222 2.575 0.092 - - -
AdaBins [3] Overall 0.058 0.190 2.360 0.088 - - -
NeWCRFs [1] Overall 0.052 0.155 2.129 0.079 - - -

DepthFormer [36] 0-20m 0.039 0.104 2.087 0.057 0.995 0.998 0.999
60-80m 0.198 0.948 12.981 0.826 0.588 0.957 0.981
Overall 0.052 0.156 2.133 0.079 0.974 0.997 0.999

DepthFormer 0-20m 0.041 0.165 2.184 0.063 0.991 0.999 0.999
(+) Proposed 60-80m 0.190[-0.008] 0.828[-0.120] 9.653[-3.328] 0.400[-0.426] 0.782[+0.194] 0.942[+0.015] 0.983[+0.002]
method Overall 0.050[-0.002] 0.144[-0.008] 2.105[-0.028] 0.074[-0.005] 0.975[+0.001] 0.997[-] 0.997[-]

GEDepth [9] 0-20m 0.034 0.089 1.912 0.049 0.996 0.998 1.000
60-80m 0.155 0.877 10.854 0.692 0.618 0.888 0.925
Overall 0.048 0.142 2.050 0.076 0.978 0.995 0.999

GEDepth 0-20m 0.039 0.103 1.995 0.051 0.996 0.997 1.000
(+) Proposed 60-80m 0.149[-0.006] 0.804[-0.073] 9.975[-0.879] 0.389[-0.303] 0.844[+0.226] 0.890[+0.010] 0.925[-]
method Overall 0.047[-0.001] 0.138[-0.004] 2.033[-0.017] 0.069[-0.007] 0.979[+0.001] 0.996[-] 0.999[-]

MDEUncertainty [18] 0-20m 0.039 0.104 2.087 0.057 0.995 0.998 0.999
60-80m 0.198 0.948 12.981 0.426 0.588 0.957 0.981
Overall 0.052 0.156 2.133 0.079 0.974 0.997 0.999

MDEUncertainty 0-20m 0.039 0.103 1.995 0.051 0.996 0.997 1.000
(+) Proposed 60-80m 0.149[-0.006] 0.804[-0.073] 9.975[-0.879] 0.389[-0.303] 0.844[+0.226] 0.890[+0.010] 0.925[-]
method Overall 0.047[-0.001] 0.138[-0.004] 2.033[-0.017] 0.069[-0.007] 0.979[+0.001] 0.996[-] 0.999[-]

RMSE log :

√
1
N

∑
i

∣∣∣log D̂i − logDgt
i

∣∣∣2,
Threshold-based accuracy :

% of di s.t. max
(

D̂i

Dgt
i

,
Dgt

i

D̂i

)
= δ < threshold.

4.3 Results and Discussion

In this study, the performance of a monocular depth
estimation model was evaluated separately for short and
long distances. For the KITTI [37] dataset, within a
depth range of [0m, 80m], short distances were defined
as 0–20m and long distances as 60–80m. Similarly, for
the DDAD [38] dataset, within a depth range of [0m,
250m], short distances were defined as 0–60m and long
distances as 190–250m. This division was intended to
focus on performance improvements in long-distance
regions.

The proposed method, based on the Swin-
Transformer backbone [41], is designed to be
flexibly applicable to various depth estimation
networks. Experimental results demonstrate significant
improvement in depth prediction performance
compared to existing Swin-Transformer-based
monocular depth estimation models.

Notably, results on the KITTI [37] dataset (see

Table 1) show substantial improvement in long-
distance depth prediction, along with a modest
overall performance enhancement. ↓ indicates
that a lower value represents better performance,
whereas ↑ indicates that a higher value represents
better performance. We denoted the red color
for the best performance in terms of the overall
performance as shown in Table 1. These findings
confirm the effectiveness of the proposed method in
improving depth estimation for long-distance regions.
Furthermore, compared to SOTAs such as DPT [34],
AdaBins [3] and NeWCRF [1], the proposed scheme
achieved better performance in terms of error metric
and overall range.

A similar trend was observed with the DDAD [38]
dataset as shown in Table 2, which covers a broader
depth range than the KITTI [37] dataset. To
compare performance, PackNet-SAN [42], BTS [10],
PixelFormer [32], and BinsFormer [33] were employed.
From the results, our proposed scheme showed
the better performance in almost the performance
measure. This led to even more significant performance
improvements in distant regions, demonstrating the
ability of the proposed model to achieve high accuracy

Ju
st

 A
cc

ep
te

d



Kim et al.: Enhanced Monocular Depth Estimation Based on Uncertainty Edge Weighting Mask 11

Table 2 Comparison of the model with the proposed method and monocular depth estimation model based on Swin-Transformer [41]
on DDAD [38] dataset([value] = amount of improvement, red color=best performance).

Model Range Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log ↓ δ < 1.25 ↑ δ < 1.252 ↑ δ < 1.253 ↑

PackNet-SAN [42] Overall 0.187 2.776 11.936 0.276 - - -
BTS [10] Overall 0.162 2.492 11.466 0.259 - - -
PixelFormer [32] Overall 0.151 2.140 10.920 0.242 - - -
BinsFormer [33] Overall 0.149 2.142 10.866 0.244 - - -

DepthFormer [36] 0-60m 0.114 1.986 10.003 0.213 0.962 0.975 0.992
190-250m 3.728 8.452 92.213 3.842 0.378 0.751 0.978
Overall 0.152 2.231 11.051 0.246 0.929 0.946 0.912

DepthFormer 0-60m 0.117 2.024 10.624 0.242 0.962 0.975 0.992
(+) Proposed 190-250m 3.116[-0.612] 8.043[-0.409] 89.872[-2.341] 3.587[-0.255] 0.378[-] 0.751[-] 0.978[-]
method Overall 0.146[-0.006] 2.215[-0.016] 10.873[-0.178] 0.240[-0.006] 0.929[-] 0.946[-] 0.912[-]

GEDepth [9] 0-60m 0.098 1.787 9.882 0.197 0.975 0.980 0.992
190-250m 3.445 8.026 84.432 3.519 0.417 0.782 0.979
Overall 0.147 2.119 10.597 0.238 0.936 0.953 0.915

GEDepth 0-60m 0.102 1.804 9.911 0.230 0.975 0.980 0.992
(+) Proposed 190-250m 3.028[-0.417] 7.784[-0.242] 81.754[-2.678] 3.186[-0.333] 0.417[-] 0.782[-] 0.979[-]
method Overall 0.143[-0.004] 2.093[-0.026] 10.432[-0.165] 0.235[-0.003] 0.975[-] 0.980[-] 0.992[-]

in environments requiring long-range depth prediction.
Qualitative evaluation compared depth maps

predicted by the proposed model with those from
existing models. As shown in Figure 6, the proposed
method more accurately captured contours and depth
information for long-distance objects. The images of
the larger objects revealed clear distinctions between
the objects and their backgrounds, with well-defined
boundary lines. These results confirm that the proposed
model excels in long-distance depth recognition,
even in complex scenarios, and effectively performs
monocular depth estimation.

4.4 Ablation Study

In the ablation study, we used the KITTI [37] dataset
to evaluate the impact of each component of the
proposed method on performance. To assess the
effectiveness of the feature extraction approach, we
compared and visualized features from baseline models
and models using the proposed method. This analysis
quantitatively and visually demonstrates the proposed
method’s contribution to improving depth estimation
performance.

4.4.1 Evaluation of Key Components
The proposed encoder structure consists of

two configurations: combining the uncertainty
map with CNN-extracted features and integrating
uncertainty-aware features with the transformer
layer. Table 3 presents experimental results for

applying the uncertainty map to the convolution
layer, uncertainty-aware features to the transformer
layer, and a combination of all modules. The
results highlight that combining uncertainty-aware
features with the transformer layer yields the most
significant performance improvement, demonstrating
their importance in enhancing feature extraction.
Performance also improved when uncertainty maps
were combined with the convolution layer. Applying
only the uncertainty edge calculation module in the
decoder resulted in modest improvements, attributed to
residual errors outside edges in long-distance regions.
However, when all proposed modules were applied
together, all evaluation metrics showed significant
performance gains. This confirms the individual
effectiveness of each module and demonstrates their
synergistic impact when combined.

4.4.2 Visual validation of feature extraction
improvements for the proposed method in
the encoder

We analyzed the limitations of existing depth network
encoders and validated the improvements achieved with
the proposed method. To assess its effectiveness, we
compared and visualized features extracted from the
first transducer layer, highlighting differences from
existing methods. The feature resolution, 192×88×176,
is a quarter of the input image size (352×712×3).
Features were visualized by calculating the mean along
the channel axis. We compared features extracted by
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Fig. 7 Comparison between feature extracted from the encoder of GEDepth [9] (left column) and the proposed encoder modeling
methods (right column) on KITTI [37] dataset.
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Fig. 8 Comparison between feature extracted from the encoder of GEDepth [9] (left column) and the proposed encoder modeling
methods (right column) on DDAD [38] dataset.
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Table 3 Performance analysis for each component of the proposed method on KITTI [37] dataset.

Component Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log ↓ δ < 1.25 ↑ δ < 1.252 ↑ δ < 1.253 ↑

w/o proposed methods 0.048 0.142 2.050 0.076 0.978 0.995 0.999

Encoder (a) CNN + uncertainty map 0.048 0.136[-0.006] 2.176 0.075[-0.001] 0.978 0.995 0.999
(b) Transformer + uncertainty-aware feature 0.046[-0.002] 0.134[-0.008] 2.188 0.073[-0.003] 0.979[+0.001] 0.995 0.999
(a) + (b) 0.047[-0.001] 0.139[-0.003] 2.187 0.073[-0.002] 0.978 0.995 0.999

Decoder uncertainty edge weighting method 0.054 0.147 1.892[-0.175] 0.065[-0.011] 0.978 0.995 0.999

All 0.047[-0.001] 0.138[-0.002] 2.033[-0.017] 0.069[-0.007] 0.978[+0.001] 0.995 0.999

the proposed encoder with those from the same layer
of the existing GEDepth [9] model. Figures 7 and 8
illustrate these comparisons, with each row aligned by
image type. Features from GEDepth [9] appear on
the left, while those from the proposed method are
on the right. The proposed method produced features
that more clearly and precisely distinguished objects,
particularly in long-distance regions. Figures 7 and 8
show that the proposed method better defines object
boundaries and effectively identifies vehicles and lanes.

In contrast, features from GEDepth [9] showed
unclear shapes and ambiguous boundaries. These
findings demonstrate that the proposed feature
enhancement modeling improves clarity and object
distinction in high-uncertainty areas. Additionally, it
mitigates information loss in distant regions caused by
resolution reduction during feature extraction. This
confirms that the proposed encoder modeling method
is more efficient and provides superior performance
compared to existing methods.

4.4.3 Inference Time
The inference speed of the proposed model remains

similar to that of GEDepth [9], averaging 185 ms and
1029 ms per image on KITTI [37] and DDAD [38]
datasets, respectively. This implies that long-distance
depth estimation performance can be significantly
improved without additional computational costs,
especially in applications requiring high accuracy and
real-time processing, such as autonomous driving.

5 Conclusions

This study has focused on enhancing monocular
depth estimation, particularly in long-distance regions,
using road-driving data. In autonomous driving
scenarios, low pixel density in distant regions
often leads to information loss during encoder
resolution reduction. To address this, we proposed
a novel encoder feature extraction technique utilizing
uncertainty maps, enabling the identification and

enhancement of challenging long-distance regions
through hierarchical feature integration. Additionally,
a decoder module was designed to generate edge
weighting maps, effectively highlighting structural
details and improving long-distance depth estimation.
Experimental results demonstrated that the proposed
technique significantly enhanced depth recognition
in complex scenarios, delivering robust performance
in monocular depth estimation. This highlights
its practical applicability to real-world tasks like
autonomous driving.
The proposed method is effective in improving depth
estimation performance in long-range regions, but it
is likely to show limitations in scenes containing
low-light conditions or dynamic objects. In low-
light environments, the signal-to-noise ratio (SNR) in
the image may be lowered, which may reduce the
reliability of the uncertainty map, and in the case
of dynamic objects, the depth prediction performance
may be degraded due to the occlusion problem. To
overcome these limitations, future studies need to
explore learning reliability-aware correction techniques
and time-series information for dynamic objects
considering low-light environments. Furthermore, it is
necessary to focus on further improving long-distance
accuracy while maintaining short-range performance
and exploring multi-modal integration to enhance
generalization across diverse environmental conditions.
These advancements will pave the way for more reliable
monocular depth estimation solutions.
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