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Abstract

To ensure that robots can operate reliably in diverse environments, obstacle detection is essential,
which requires the acquisition of depth information of the surrounding environment. One approach
for obtaining depth information is monocular depth estimation, a technique that predicts scene depth
from a single camera input. However, monocular images inherently provide limited cues for depth
perception, which restricts estimation accuracy. To address this limitation, we propose R-Depth Net,
a monocular depth estimation network that leverages variations in blur intensity with respect to
distance and frame-to-frame changes induced by motion as primary cues. Based on the depth maps
generated by R-Depth Net, we developed an algorithm that enables a robot to estimate obstacle
height and determine whether traversal is feasible. When applied to a quadruped robot platform,
the proposed method achieved RMSE 0.30 m and MAE 0.26 m for obstacle distance estimation, and
RMSE 0.048 m and MAE 0.040 m for obstacle height estimation. Furthermore, real-world obstacle
traversal experiments demonstrated the effectiveness of the proposed monocular camera-based
obstacle detection and traversal decision-making framework.

Keywords: monocular depth estimation; depth from defocus (DfD); optical flow; obstacle detection;
height estimation; V-disparity; legged robots; quadruped

1. Introduction

With the recent commercialization of various autonomous robots, their adoption in the consumer
market has been steadily expanding. Consequently, there is growing demand for cost-effective robotic
platforms, which in turn underscores the need to reduce the cost of depth perception sensors—one of
the major contributors to the overall price of autonomous robots.

Representative depth perception sensors include LiDAR and stereo cameras. LiDAR offers high
depth accuracy but suffers from high cost and low resolution, limiting its ability to detect small
obstacles such as curbs [1]. Stereo cameras, by contrast, provide a relatively inexpensive means of
obtaining depth information and can detect small obstacles by leveraging high-resolution images.
However, stereo vision requires precise calibration and its effective depth range is constrained by the
baseline distance [2]. As an alternative to these limitations, monocular depth estimation has emerged
as a promising approach. This technique predicts depth information from a single camera image,
offering both cost efficiency and applicability across diverse environments [3-5].

Monocular depth estimation can be broadly categorized into relative depth estimation and abso-
lute depth estimation [6]. Relative depth estimation predicts the relative distance relationships among
objects within a scene, without providing actual distance values, thereby enabling the determination of
whether objects are nearer or farther from one another. In contrast, absolute depth estimation predicts
the actual distance value of each pixel, making it essential for applications that require quantitative
decision-making, such as robot path planning, obstacle avoidance, and terrain analysis.
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In this work, we propose R-Depth Net, a deep-learning-based network for depth estimation
that integrates the optical characteristics of cameras with the motion properties of robots to enable
monocular absolute depth estimation applicable to robotic systems. A camera generally possesses a
single focal plane, and objects deviating from this plane appear blurred. Under the assumption of a
fixed focal plane, depth can be inferred by analyzing variations in blur intensity [10]. Motion parallax
that arises as the robot moves also serves as a key cue for depth estimation. Nearby objects exhibit
greater visual changes, and this information can be extracted from frame-to-frame differences in the
image sequence.[11].

The proposed R-Depth Net learns variations in blur intensity with respect to distance and the
relative motion of objects to generate a depth map. The resulting depth maps were applied to an
obstacle detection and height estimation algorithm, upon which experiments were conducted in which
the robot selectively adjusted its walking mode according to the estimated obstacle height.

2. Depth Estimation Dataset

To train R-Depth Net, two types of input data are required: a defocus image, which encodes
blur information caused by distance variations, and an optical flow image, which reflects the motion
characteristics of the robot. Defocus images were obtained by capturing images with a fixed focal
length and aperture value. As a result, objects at different distances naturally appear blurred, and
this blur serves as a depth cue. The optical flow image was generated using an optical flow algorithm
that computes pixel-level changes between consecutive frames. Optical flow represents the intensity
of pixel displacements induced by parallax between two frames and is used to capture the relative
motion of objects within the scene.

For dataset collection, a dedicated hardware setup, as illustrated in Figure 1, was employed [12].
The system consists of an Intel RealSense D455 and a Canon EOS RP. The Intel RealSense D455 was
used to acquire labeled depth data for training, while the Canon EOS RP was utilized to capture
defocus images and optical flow images as input data.

In total, 10,967 data samples were collected, of which 9,249 were used for training, 764 for
validation, and 954 for testing. To improve the generalization performance of the model, basic
geometric data augmentation, such as vertical and horizontal flipping, was applied to the training set.
Additionally, 61,499 images from the NYU Depth Dataset were employed as pretraining data [13].

Intel Realsense D455
(Depth Map Data, Non Defocus Image Data)

Canon EOS RP
(Defocus Image Data)

Figure 1. Data collection hardware.

2.1. Defocus Image

Figure 2 shows how blur magnitude increases with distance; notably, blur at 180 cm is stronger
than at 60 cm.

180cm 120cm 60cm

Figure 2. Compare the degree of blur based on distance (from left to right, 180 cm, 120 cm, 60 cm).
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Figure 3 depicts the cross-sectional structure of a thin lens. As the distance between the image
plane and the image sensor increases, the degree of blur becomes greater, while it decreases as the
distance shortens. The extent of blurring can be calculated using the geometric analysis of the lens and
the thin lens equation [14]. Table 1 lists the variables used in calculating the degree of blur.

Image plane

,/ Aperture
Lens

Image Sensor
Ta

Figure 3. Cross-section of a thin lens.

Table 1. Variables Used to Calculate the degree of blur.

Symbol | Meaning

Distance between lens and image sensor
Focal length

Distance between lens and image plane
Amount of blur

Distance between lens and object
Aperture diameter

UQ S S @

The distance between the lens and the image plane can be obtained using (1). This equation
geometrically describes the magnitude of blur, which arises from the variation in the image formation
position depending on the difference between the object distance and the focal length.
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Equation (2) represents the thin lens equation. The thin lens equation describes the relationship
among the distance between the lens and the image plane, the distance between the lens and the object,

and the focal length. 1 1 1

FTito @

By substituting Equation (1) into Equation (2), we derive Equation (3), which expresses the object
distance as a function of blur magnitude and lens parameters. Equation (3) indicates that, when the
aperture value and focal length are fixed, the object distance can be estimated based on the degree of
blur. This enables the optimal aperture value and focal length for depth estimation from blur to be
determined experimentally sf

0= m 3)

2.2. Alignment of Depth Map to Defocus Image

To generate a depth map corresponding to the defocus image, it is necessary to align the data
obtained from two different camera systems: the Intel RealSense D455 and the Canon EOS RP. Since
the two cameras possess different fields of view and coordinate systems, the same object may appear at
different positions in the respective images. To address this discrepancy, a feature point-based image
registration algorithm was employed in this work [15]. The registration process is performed using
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feature points extracted from the RGB images of the Intel RealSense D455 and the defocus images of
the Canon EOS RP, thereby enabling the generation of a depth map aligned with the defocus image.

2.3. Optical Flow Image

To generate the optical flow images, the Gunnar Farneback algorithm was employed [16]. Unlike
sparse optical flow, which computes motion only in regions of interest, the Gunnar Farneback method
is a dense optical flow approach that calculates motion across the entire image. Figure 4 illustrates
examples of sparse and dense optical flow, where the dense method clearly provides richer information.
Although dense optical flow requires longer computation time, this drawback can be sufficiently
mitigated through GPU acceleration. For this reason, the Gunnar Farneback algorithm was adopted in
this work.

The Gunnar Farneback algorithm outputs both magnitude and direction of motion. While the
directional information can be used to estimate the movement direction of the robot, it is less critical
for depth estimation. Moreover, incorporating directional data increases the size of the neural network
input, thereby raising computational costs. Therefore, in this work, only the magnitude information
was utilized.

Encoder

[ CBLR2d Block

r Max Pooling

f Transposed Convolution
r Fusion Block

- skip Connecti
b Lonnection (a) Overall network structure.

P Convolutionlayer [ LeakyRelU [ Fusion Block
[ Max Pooling P convolution Layer
(b) Structure of the CBLR2d block. (c) Structure of the Fusion Block.

Figure 5. Architecture of R-Depth Net. (a) The Defocus Image and Optical Flow are processed by separate
encoders, followed by a Fusion Block and a decoder to generate the Depth Map. (b) Structure of the CBLR2d block
used in both encoder and decoder, consisting of Convolution, Batch Normalization, and Leaky ReLU. (c) Structure
of the Fusion Block that resizes and concatenates the outputs of both encoders before passing to the decoder.
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3. Depth Estimation Network
3.1. R-Depth Net

R-Depth Net takes the defocus image and optical flow image as inputs and produces a depth map
representing distance information. As shown in Figure 5a, the network is composed of an encoder,
decoder, bottleneck, and fusion block. Skip connections are employed to mitigate information loss
between encoder and decoder. Because R-Depth Net incorporates two encoders, the features extracted
from both encoders are integrated and dimensionally aligned through the fusion block before being
passed to the decoder.

(1) CBLR2d Module

CBLR2d serves as the fundamental building block of R-Depth Net, sequentially performing
convolution, batch normalization, and LeakyReLU operations. Figure 5b illustrates the structure of the
CBLR2d module.

(2) Fusion Block

To transfer the data extracted from the encoders to the decoder, the outputs of the two encoders
must be fused and reshaped into a single representation. In the proposed model, this process is
performed by the fusion block, as illustrated in Figure 5c, which integrates the features and adjusts
their dimensions before passing them to the decoder.

3.2. Training

R-Depth Net is trained in a supervised learning manner, where the network is optimized to
minimize the loss between the predicted depth maps and the ground truth. The Adam (Adaptive
Moment Estimation) optimizer was employed for the optimization process.

3.3. Loss Function

The objective of R-Depth Net is to estimate depth maps, and for this purpose, BerHu loss and
gradient loss were employed [17,18]. BerHu combines the robustness of L1 with the smoothness of
L2. While L1 loss is robust to outliers, it contains non-differentiable points due to its structure. On
the other hand, L2 loss is differentiable everywhere but is highly sensitive to outliers. BerHu loss was
designed to compensate for the drawbacks of both L1 and L2 losses. Equation (4) represents the L1
loss, Equation (5) represents the L2 loss, and Equation (6) defines the BerHu loss.

n

Llloss = Z Yirue,i — ypredicted,i (4)
i=1
1 . 2
Lzoss = Z (ytrue,i - ypredicted,i) ®)
i=1
a?+c? :
, iflal > ¢
BerHuLoss(a) = { ¢ a (6)

|al, otherwise

a4 = Ytrue — Ypredicted, € = - max(|a|)

Gradient loss is a loss function that computes the difference between the per-pixel gradients of the
predicted depth map and those of the ground truth data. To calculate the gradients, the filters defined
in Equation (7) were applied, and the differences between gradients were measured using the L1 loss.

10 -1 1 1 1
My=1[1 0 -1, My=|0 0 0 (7)
10 -1 1 -1 -1

To compute the final loss from the BerHu loss and the gradient loss, weighted summation was
applied to each component. The final loss, L, is defined as in Equation (8), where w; = 0.6 and
Wy = 0.4.
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Lossiotal = (w1 X BerHu Loss) + (wy x Gradient Loss) (8)

3.4. Training Result

The training results are visually presented in Figure 6 and were quantitatively evaluated using a
test dataset that was not included in the training process. The quantitative outcomes are summarized
in Tables 2 and 3.

Table 2 reports the results based on the accuracy under threshold metric, which measures the
percentage of predictions that fall within a multiplicative factor of the ground truth. The proposed
model achieved an accuracy of 95

Table 3 evaluates the depth estimation error using three metrics. The absolute relative error
(AbsRel) was 0.065, the squared relative error (SqRel) was 0.062, and the root mean square error
(RMSE) was 0.55 m. These results demonstrate the effectiveness and potential of R-Depth Net for
accurate depth estimation.

Defocus Image Optical Flow Estimation Label

Figure 6. Training Result
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Table 2. Training Result — Accuracy.

Metric Value
5 <125 95%
5 < 1.25% 97%
5 < 1.25° 98%

Table 3. Training Result — Error.

Metric Value
Absolute Relative Error (AbsRel) | 0.065
Squared Relative Error (SqRel) 0.062
Root Mean Squared Error (RMSE) | 0.55 m

4. Obstacle Detection and Height Estimation
4.1. Obstacle Detection

For obstacle detection, a preprocessing step is required to separate the ground from other objects
in the input image. In this work, a separation method based on depth variation patterns was adopted.
When the camera observes the ground at a fixed angle, the ground depth tends to gradually increase
along the vertical direction. In contrast, obstacles exhibit nearly constant depth values at specific
positions, showing minimal variation. Leveraging these distance variation characteristics, we designed
an obstacle detection algorithm that separates ground and obstacles based on pixel-level depth
gradients.

Figure 10 presents an image of obstacle depth. In Figure 10(a), the depth profile along the red line
is shown in Figure 10(b). In Figure 10(b), Box 1 corresponds to the obstacle depth values, while Box 2
corresponds to the ground depth values. It can be observed that the ground region exhibits a steeper
gradient than the obstacle region.

3000 4

Box 1
2000 Box 2

1000 A

100 150 200 250 300 350 400

(@) (b)
Figure 7. Depth variation profile for obstacle detection. (a) Sample Column Representing Depth. (b) Depth Profile
with Box 1 Representing the Obstacle and Box 2 Representing the Ground (Horizontal Axis: Pixel Coordinates,
Vertical Axis: Depth).

To analyze these depth variation characteristics, this study generated a V-disparity map [19]. A
disparity map is constructed by accumulating the frequency of identical depth values along each
horizontal scanline of the image. In the resulting two-dimensional histogram, the vertical axis rep-
resents depth values, while the horizontal axis represents the frequency of occurrence of each depth.
Figure 8 provides an example. In the first row of Figure 8, a depth value of 3 m appears three times;
consequently, the V-disparity map records the value 3 at the position corresponding to a depth of 3 m.
In this work, the range of V-disparity map values was normalized to fall between 0 and 500 for depths
within 3 m, allowing for a more detailed representation.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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1 2 3 4 5 6

3 0 0 3 3 0O |—m | 0 0 & 0 0 0

0 0 0 0 0 0O |—— | 0 0 0 0 0 0

0 1 1 1 1 1 |—| 5 0 0 0 0 0

1 2 2 3 0 0 |—— | 1 2 1 0 0 0
Depth Map V-Disparity Map

Figure 8. Example of a V-Disparity Map.

Using the ground candidate regions extracted from the V-disparity map, a ground mask was gen-
erated. Regions that do not overlap with this mask were classified as obstacles, while the overlapping
boundaries were regarded as the lower edges of the obstacles. The resulting mask is shown in Figure 9.

Figure 9. Example of Ground Mask.

For the upper boundary of obstacles, the regions located above the lower points of the obstacles in
the same column of the V-disparity map were identified as obstacle areas. Figure 10 illustrates obstacle
region detection using the V-disparity map, where the red boxed areas indicate the detected obstacle
regions.

Figure 10. Detection of obstacle regions using the V-Disparity map.

4.2. Height Estimation

The obstacle height must be estimated using the lower and upper boundary information obtained
from the obstacle detection algorithm. The actual height is derived as illustrated in Figure 11. The
ratio between the real height of the obstacle and the number of pixels in the image corresponds to the
distance between the obstacle and the camera, as well as the focal length of the camera. By rearranging
this relationship, the actual obstacle height can be expressed as Equation(9).

Obstacle Distance Focal Length
- I mﬂl
Obstacle Image Plane

Figure 11. Relationship Between Camera and Obstacles for Height Calculation.

Pixel x Obstacle Distance

ot —
Real Heigh Focal Length

©)
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5. Experiment

The height estimation experiments in this work were conducted using a quadruped robot platform.
Specifically, the Gol platform developed by Unitree Robotics was employed, which supports a step-
over mode for obstacle negotiation. As shown in Figure 12, the step-over mode features a higher leg
lift, making it advantageous for overcoming relatively large obstacles.

In the experiments, the maximum negotiable obstacle height was set to 18 cm. When the predicted
obstacle height was below this threshold, the robot attempted to traverse the obstacle in step-over
mode. Conversely, If the predicted height exceeded 18 cm, the robot switched to step-over mode or
stopped; otherwise it used normal gait.

All control commands and neural network computations were executed on a processing unit
equipped with an Intel Core i5-1135G7 CPU, 16 GB of memory, and an NVIDIA GeForce MX450 GPU.

The inference speed achieved was approximately 4 FPS.

Figure 12. Unitree Gol Walking Mode (Left : Normal Walking Mode, Right : Obstacle Overcoming Mode).

5.1. Experiment on the Effects of Depth from Defocus and Optical Flow

This experiment was conducted to assess the impact of defocus images and optical flow informa-
tion on depth estimation accuracy. The evaluation was carried out under three conditions: (1) using
both defocus image data and optical flow data simultaneously, (2) using only defocus image data, and
(3) using image data without defocus applied. The evaluation results are summarized in Table 4.

Table 4. Impact of Depth from Defocus and Optical Flow on Test Dataset.

Method AbsRel | SqRel
No Defocus 0.68 0.13
Defocus 0.29 0.05
Defocus + Optical Flow | 0.24 0.04

When defocus images were incorporated, the absolute relative error (AbsRel) was significantly
reduced from 0.68 to 0.29. Furthermore, the inclusion of optical flow information led to an additional
improvement, reducing the error from 0.29 to 0.24.

5.2. Experiment on Obstacle Distance Estimation Accuracy

To evaluate the accuracy of R-Depth Net in predicting the depth between obstacles and the vision
camera, measurements were conducted at intervals of 0.5 m from 1 m to 3 m. Figure 13 shows a scene
from the experiment, and the results are summarized in Table 5.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 13. Experimental Environment for Obstacle Distance Estimation Accuracy.

Table 5. Distance Estimation Error of R-Depth Net.

Distance RMSE (m) | MAE (m)
3m 0.45 0.45
25m 0.06 0.05
2m 0.20 0.20
1.5m 0.29 0.29
1m 0.32 0.32
Average 0.30 0.26

d0i:10.20944/preprints202509.2100.v1

In the experiment measuring obstacle distance estimation accuracy, R-Depth Net demonstrated
errors of 0.3 m in terms of RMSE and 0.26 m in terms of MAE.

5.3. Experiment on Obstacle Height Estimation Accuracy

An experiment was conducted to evaluate the accuracy of obstacle height estimation using R-
Depth Net in conjunction with the obstacle height estimation algorithm. As shown in Figure 14, the
experimental setup included step-height obstacles of three different heights: 0.1 m, 0.15 m, and 0.2 m.
The results are summarized in Table 6.

Figure 14. Experimental Environment for Obstacle Height Estimation Accuracy.

Table 6. Obstacle Estimation Error.

Obstacle Height | RMSE [m] | MAE [m]
0.1m 0.03 0.029
0.15m 0.039 0.035
0.2m 0.064 0.054
Total 0.048 0.04

The results of obstacle height estimation revealed errors of 4.8 cm in terms of RMSE and 4 cm in
terms of MAE. It was observed that the estimation error increased as the obstacle height increased.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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5.4. Experiment on Obstacle Overcoming in Real-World Environments

To evaluate the practical applicability of the proposed R-Depth Net and obstacle height estimation
algorithm, experiments were conducted on obstacles of varying heights. Figure 15 illustrates the
process of detecting obstacles and estimating their heights, Figure 16 shows the robot overcoming an
obstacle, and Figure 17 presents a case where the robot stopped upon determining that the obstacle

could not be negotiated.

Environment Detect* Depth Map Disparity Map**
e . A ”

; = i.h

Real Height @ 0.16m, Estimate Height ©0.12 m

i\

Real Height : 0.22m, Estimate Height : 0.23 m

=1

Real Height : 0.15m, Estimate Height : 0.25 m

o

Real Height : 0.25m, Estimate Height : 0.26 m

-

Real Height : 0.37 m, Estimate Height : 0.31 m

Figure 15. Obstacle Height Estimation in Real-World Environments (Green dot:obstacle top, Blue dot:obstacle
bottom).

In most cases, the obstacle heights were accurately predicted, and appropriate control actions were
executed accordingly. However, some prediction errors were observed. In Case 2 of Figure 15, although

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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the obstacle was detected, errors in distance estimation resulted in its height being underestimated.
This was attributed to calibration errors in the distance-based correction during the depth estimation
process. In Case 5, the obstacle was too tall, causing the V-disparity—based detection to fail, and as a
result, the obstacle was not recognized at all.

Overcome

Figure 16. Obstacle Detection and Overcome Mode Transition in Real-World Environments (1st row:Experimental
Environment, 2nd row:Robot View, 3rd row:Optical Flow, 4th row:Predicted Depth Map, 5th row:V-Disparity

Map).
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Start Walking Detect Stop

Figure 17. Obstacle Detection and Stop Mode Transition in Real-World Environments (1st row:Experimental
Environment, 2nd row:Robot View, 3rd row:Optical Flow, 4th row:Predicted Depth Map, 5th row:V-Disparity
Map).

5.5. Experiment Result

Experiments were conducted to evaluate the effects of depth from defocus and optical flow, the
accuracy of obstacle distance estimation, the accuracy of obstacle height estimation, and the robot’s
performance in overcoming obstacles in real environments. In the experiment on the effects of defocus
and optical flow, the absolute relative error (AbsRel) decreased from 0.68 to 0.29 when depth from
defocus was applied, and further decreased from 0.29 to 0.24 with the addition of optical flow.

The obstacle distance estimation experiment was performed by measuring target distances at 0.5
m intervals within the range of 1 m to 3 m. The results showed that the proposed neural network-based
model achieved an error of 0.3 m in terms of RMSE and 0.26 m in terms of MAE. In the obstacle height
estimation experiment, overall errors of 0.048 m in terms of RMSE and 0.04 m in terms of MAE were
observed.

Finally, obstacle negotiation experiments were conducted in real environments. Depending on the
estimated obstacle height, the robot appropriately switched to obstacle-overcoming mode or issued a
stop command. Since real-world obstacle negotiation relies on comprehensive analysis of multiple

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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V-disparity maps and references to height values from previous frames, defocus image, the system
maintained accurate height estimation and reliable mode switching despite the presence of errors in
depth estimation.

Through these experiments, it was demonstrated that the proposed monocular depth estimation
method is well suited for robotic applications and is effective for obstacle detection using monocular
vision.

6. Conclusion

We presented R-Depth Net, a monocular metric depth estimator that fuses depth-from-defocus
and optical-flow cues, and an obstacle height estimation pipeline for traversal decisions on a quadruped.
The R-Depth Net, designed for depth estimation, takes defocus images and optical flow information
as inputs, and experimental results confirmed that these cues significantly enhance depth estimation
performance.

When defocus information was applied, the absolute relative error (AbsRel) decreased from
0.68 to 0.29, and the inclusion of optical flow further reduced the error to 0.24. In obstacle distance
estimation experiments, the proposed model achieved an RMSE of 0.30 m and an MAE of 0.26 m,
while in obstacle height estimation experiments, it recorded an RMSE of 0.048 m and an MAE of 0.040
m. The proposed depth estimation and height prediction algorithm was successfully implemented
on a quadruped robot platform, where the robot autonomously switched walking modes or stopped
based on obstacle height. By leveraging multi-frame V-disparity analysis and cumulative prediction,
the system maintained stable performance despite occasional depth estimation errors.

The results demonstrates that real-time obstacle detection and traversal decision-making can be
achieved solely through monocular vision-based depth estimation, without the need for complex
sensors or expensive equipment.
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Abbreviations

The following abbreviations are used in this manuscript:

LiDAR Light Detection and Ranging

DfD Depth from Defocus

OF Optical Flow

CBLR2d Convolution—-Batch Normalization-Leaky ReLU (2D)
RMSE Root Mean Squared Error

MAE Mean Absolute Error

AbsRel  Absolute Relative Error

SqRel Squared Relative Error

FPS Frames Per Second
CPU Central Processing Unit
GPU Graphics Processing Unit

Adam Adaptive Moment Estimation
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