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1. Stereo object detection baseline

As a baseline method, we adopt a classical maritime stereo
object detection approach [4] that estimates the water sur-
face from the reconstructed point cloud and subsequently
detects objects based on the points above this surface. In the
following, we describe the modifications required to adapt
the method to the Lake Constance Obstacle Detection data-
set [3] and provide details on the implementation.

The baseline was implemented by using the water sur-
face detector introduced in [2]. Subsequently, the point
cloud is reconstructed using semi-global block matching.
Only points that lie at least 25cm above the detected wa-
ter surface and do not exceed a height of 3m are retained.
In contrast to [4], we define only a two-dimensional grid
along the x-axis from −100m to 100m and the z-axis from
0m to 250m, with a cell resolution of 0.5m. For each grid
cell, the corresponding point count is stored. Then a mor-
phological closing operation with a structuring element of
size 7 is applied to close small gaps. To reduce noise, a
mean filter with a kernel size of 3 is used. The binary occu-
pancy map is created by applying a threshold of 5 points per
cell. Connected components are identified from this binary
map, and for each connected region, principal component
analysis (PCA) is performed on its convex hull to derive the
final bounding boxes. To enable the computation of metrics
such as average precision, a detection score is defined as a
weighted sum of a shape, a distance, and a point score

0.4 · sshape + 0.2 · sdist + 0.4 · spoints.

The first two scores are given by the eigenvalues µ1, µ2 of
the PCA and the center c of the bounding box

sshape = 1− µ2/(µ1 + µ2), sdist = 1/(1 + ∥c∥),

while spoints is computed as the number of points within the
bounding box divided by the constant 300.

2. Water surface estimation

During the test phase or in practical applications, a module
is required to estimate the water surface. For this purpose,
we use an algorithm [2] that identifies all pixels belonging
to the water surface and fits a plane to the corresponding
points in the stereo point cloud to approximate the water
surface. This algorithm estimates the rigid body motion
R1

≈, t
1
≈, allowing us to sample points on the water surface.

3. Hyperparameter selection

For the ablation studies on the KITTI dataset, we adopted
the same 3D space discretization hyperparameters as those
used in the DSGN [1] paper. For the 3D space dis-
cretization in the inland water experiments, the parame-
ters xmin, xmax, zmin, zmax were chosen to cover the en-
tire frustum for which annotations are available. We set
ymin = 1 and ymax = −3, since points are sampled on
the water surface (with the y-axis pointing downward), and
to ensure that objects are also captured even if the water
surface is not accurately estimated. ∆x = 0.25 was cho-
sen to allow detection of thin objects, such as piles, while
∆y = 0.2 and ∆z = 0.5 were selected to limit memory
consumption while still maintaining a reasonable sampling
resolution for objects.

4. Qualitative results DSGN baseline (D)

In the paper, qualitative results were presented in compar-
ison to the classical maritime stereo method (B). Here, we
additionally visualize in Figure 1 the qualitative results us-
ing the DSGN baseline (D).

5. Hardware

The networks were trained on a GPU server equipped with
four NVIDIA A100 GPUs (40 GB each).
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Figure 1. Qualitative results of our network (red bounding boxes) compared to the DSGN [1] baseline (D) (violet bounding boxes) and
ground truth (green bounding boxes). Images (a), (c), (e), and (g) show the left camera view. The corresponding BEV detections are in (b),
(d), (f), and (h), zoomed to the region of interest. Note that the baseline detects only the sailboat under bare poles in c), d).
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