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Abstract

Autonomous mobile robots must navigate dynamic environments safely, yet high-
end depth sensors are often expensive or impractical. Monocular cameras are
widely available, but estimating metric depth and detecting obstacles in real time
remain challenging. We address this by implementing a pipeline that combines
monocular depth estimation with metric scale calibration, 3D back-projection,
filtering, and clustering. Our marker-based calibration achieves a depth RMSE as
low as 13 mm, while the proposed pipeline successfully detects all 8 obstacles in
our evaluation. With OpenVINO optimizations, the model achieves an inference
rate of up to 17 FPS, establishing a foundation for real-time processing. Overall, the
pipeline demonstrates promising results for safe navigation using only monocular
cameras on resource-constrained robots, evaluated in the context of the international
robotic contest Eurobot.

1 Introduction

In autonomous mobile robotics, reliable obstacle detection in dynamic environments is essential for
avoiding collisions. While high-end platforms often employ sensors such as LiDAR or stereo vision
to perceive the environment in 3D, these solutions impose significant hardware costs and spatial
constraints. This is particularly relevant in competitive settings such as Eurobot, where robots must
navigate dynamic environments while adhering to strict size limits [1, 10, 12].

Eurobot is an international robotic contest that takes place in Europe, with teams participating from
around the world. The goal is to build a robot that performs tasks based on the yearly changing set of
rules against another robot. The one scoring more points wins the match. A situation that illustrates
the need for an obstacle detection system is shown in Figure 1.

Most Eurobot platforms already use monocular cameras and embedded compute for task-specific
computer vision, such as ArUco [7] marker localization. This paper proposes a method that leverages
monocular vision for obstacle detection. By integrating a foundation model (Depth Anything V2
[4, 18, 19]) with polynomial regression for metric calibration, we transform 2D imagery into metric
3D point clouds. The resulting workflow enables the detection of obstacles (e.g., Eurobot game
elements) and thereby supports safer navigation without requiring additional sensors.

This work demonstrates a lightweight, ArUco-based calibration strategy for converting foundation-
model depth into metric 3D point clouds and shows the feasibility of real-time obstacle detection on
resource-constrained mobile robots.

The remainder of this paper is structured as follows: Section 2 details the processing pipeline from
image to clustered obstacles; Section 3 evaluates the system using game elements from the Eurobot
2024, 2025, and 2026 seasons; Section 4 summarizes the results and outlines future work.

The Third Austrian Symposium on Al, Robotics, and Vision (AIROV26).

This work is licensed under @@ CC BY 4.0, excluding materials attributed to other sources or explicitly excluded.


https://doi.org/10.34749/3061-1466.2026.19
https://creativecommons.org/licenses/by/4.0/

2 Methods

To detect obstacles and assess whether they may lead to a collision, information such as object size
and distance is required. These parameters are difficult to extract directly from a 2D image. The
following steps describe how an RGB image is converted into a 3D point cloud of the environment,
which is then filtered and clustered to obtain obstacle hypotheses.

2.1 Monocular depth estimation

Recovering depth information from a single RGB camera is challenging [15]. In recent years,
considerable research has been directed toward monocular depth estimation foundation models
[3, 8, 13, 17]. These models take an image as input and predict per-pixel relative (and sometimes
metric) depth. Their outputs are often proportional to either depth g or disparity d (inverse depth).
Given the predicted relative depth § = %, the metric depth Z can be recovered through a linear
transformation:

Z:a13}+(10. (1)

The unknown regression coefficients ag, a1 can be estimated via a calibration procedure. Specifically,
an optimization algorithm can be used to find parameters that minimize the error between ground-truth
and predicted depth over a set of pixels. Results from [2] indicate that a second-order polynomial
regressor (Z = ayf)? +a17+ap) can further reduce the metric-depth error. The regression coefficients
agp, a1, ay are identified from a sequence of frames containing an ArUco marker moving along the
camera optical axis, where the absolute depth is obtained by solving the perspective-n-point (PnP)
problem [11]. The regressor is tuned to minimize the error between the marker center depth estimated
via PnP and the predicted depth at the corresponding pixel. This approach avoids the need for
additional sensors during calibration.

2.2 2D-to-3D back projection with pinhole model and intrinsics

The standard pinhole model allows the conversion from 3D-space into the 2D-image plane via
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This assumes that the intrinsic camera matrix K is known and that an undistorted image is used [20].
Given metric depth Z. = s for each pixel along the Z-axis, the formula can be rearranged to
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This transformation projects the 2D depth map into a 3D point cloud. Initially, the points are expressed
in the camera coordinate frame; other frames can be obtained by applying an extrinsic transformation.

2.3 Point cloud filtering

Once the environment is represented as a 3D point cloud, points that do not correspond to obstacles
are filtered out. We remove points beyond a maximum distance by thresholding the Euclidean
distance to the origin. In our experimental setup, most remaining points correspond to the planar
floor; thus, we remove floor points by applying a height threshold parallel to the floor plane [14].
While RANSAC-based plane fitting or Hough-transform-based methods offer robust plane estimation
[6, 9], a fixed-height pass-through filter was chosen for computational efficiency.

2.4 Object Clustering

The final step is to cluster the remaining points into obstacle candidates. For this purpose, we apply
DBSCAN, a density-based clustering algorithm [5, 16]. Once clusters are obtained, properties such
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as obstacle size and distance can be estimated, enabling downstream decisions for path planning and
collision avoidance.

3 Results

This section evaluates the results of the proposed obstacle detection workflow. The situations in
Figure 3a, 3f, and 3k are used as test scenarios. The tests were conducted on a Surface Pro 7 with an
Intel Core 15-1035G4 CPU and 8GB of RAM. The Depth Anything V2 - base model with an input
image size of (256, 256) pixels was used for inference.

The basis of the proposed workflow lies in an accurate conversion from 2D-image points into a
3D-spatial representation. The ground truth distance was obtained via PnP-estimation of an ArUco
marker. The results of our calibration approach, which utilizes ground truth distance to find regressor
parameters for conversion from relative to absolute depth, can be seen in Figure 2.

Consistent with the findings of [2], both the first-order and second-order polynomial regressors
approximate the ground truth well. The first-order approximation achieves an RMSE of 18 mm, while
the second-order polynomial achieves an RMSE of 13 mm. In the following experiments, we use the
second-order polynomial.

After converting each pixel from 2D to 3D using Eq. 3, the resulting point clouds for the test scenarios
are shown in Figures 3c, 3h, and 3m.

After removing points beyond 1000 mm and points below a height threshold of 30 mm above the
floor, the filtered point clouds in Figures 3d, 3i, and 3n remain. DBSCAN (e = 0.008, min. points
= 20) then segments the scene into discrete clusters and successfully detects all 8 obstacles in our
evaluation (Figures 3e, 3j, and 30).

While the above implementation shows promising results, its real-time performance is currently
insufficient. Using the calibration frames, we measured inference time and calibration error on
different models and optimizations, as shown in Table 1. Non-inference steps, including point
cloud generation, filtering, and clustering, currently account for approximately 0.2's per frame in
the unoptimized Python implementation. These steps can be further accelerated using standard
techniques such as voxelization, more efficient algorithms, and compiled code. Overall, these results
indicate that the proposed pipeline is feasible for real-time obstacle detection on resource-constrained
mobile robots.
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Figure 3: Sample obstacle-detection results for three seasons of Eurobot (2024-2026). Rows
correspond to the different seasons, while columns illustrate the processing pipeline from left to right:
undistorted RGB input, estimated depth map, 3D point-cloud projection, filtered point cloud, and
final clustered obstacles.

Table 1: Inference time and calibration error (RMSE in mm) for selected depth models at 256 x 256
px, except OpenVINO (OV) at 252 x 252 px.

Model Time [ms] RMSE 1st order [mm] RMSE 2nd order [mm]
DepthAnythingV?2 Base 840 18 13
DepthAnythingV2 Small 325 36 35
DPT Hybrid [13] 1019 29 24
DepthAnythingV2 Small (OV) 57 25 24

4 Conclusion

In conclusion, we show that monocular depth estimation models can be used for obstacle detection
in the Eurobot setting. Using an ArUco-based calibration procedure, we map relative predictions
to a metric 3D point cloud representation and successfully detect representative game elements
from recent seasons. However, metric accuracy of obstacle dimensions and distances beyond the
calibration setup remains unverified, as the inferred scale was not validated on an independent dataset.
While the current implementation is neither fully optimized nor evaluated on the target platform, the
results indicate that the proposed pipeline is a viable alternative when dedicated depth sensors are
impractical.

Future work should validate and improve the metric scale conversion on independent test data and
under changes in camera pose, scene composition, and illumination. In addition, further engineering
efforts could benchmark and optimize the pipeline on embedded platforms.
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