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Abstract— Autonomous navigation on inland waters requires
an accurate understanding of the environment in order to react
to possible obstacles. Deep learning is a promising technique
to detect obstacles robustly. However, supervised deep learning
models require large data-sets to adjust their weights and to
generalize to unseen data. Therefore, we equipped our research
vessel with a laser scanner and a stereo camera to record a novel
obstacle detection data-set for inland waters. We annotated
1974 stereo images and lidar point clouds with 3d bounding
boxes. Furthermore, we provide an initial approach and a
suitable metric2 to compare the results on the test data-set. The
data-set is publicly available3 and seeks to make a contribution
towards increasing the safety on inland waters.

I. INTRODUCTION

On inland waters, a wide variety of vessels share the

same traffic space. Compared to road traffic, the traffic

situation on inland waters is often confusing, because there

are no lane markings. Maneuvers of others are often difficult

to estimate due to wind and current. As a consequence,

collisions occur more frequently. In the process, individuals

are injured and significant financial losses and environmental

pollution occur. According to a recent press release, on Lake

Constance, where our data-set was recorded, there were 40
accidents caused by collisions in 2022 [6]. Collisions are

the most frequent type of accident in this context. These

are usually caused by inattention and inexperience of the

skippers. Some of the accidents happen in good weather

conditions and best visibility. Therefore, a system to assist

navigation and warn about collisions aims to increase inland

water traffic safety.

Various sensors can be used to implement such systems.

Passive sensors like RGB cameras are suitable to locate and

classify objects in 2d. Adding a second RGB camera, also

distances of the objects can be measured using stereo vision.

Active sensors like laser scanners or radar often do not have

the resolution of cameras, but can measure distances rather

accurately also in adverse weather. Thus for inland waters

at close ranges, it is purposeful to combine a laser scanner

and at least two cameras for object detection. For maritime

scenarios and large range surveillance, also radar should be

integrated to such a system. In this paper, we focus on inland

waters and close range detection.
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Fig. 1. One sample of our data-set. Shown are the RGB point cloud and
the lidar point cloud (orange points). The approximated water surface is
plotted as a gray plane. A motorboat (left) and a stand-up paddle (right) are
potential collision partners and are marked with red bounding boxes.

Close range detection in inland water scenarios have

different challenges than maritime scenarios. As in every

other traffic scenario, static and dynamic objects must be

detected and classified. However, in maritime scenarios, there

are only very few static objects. These are predominantly

the sky, the water surface, and a low-detailed shoreline.

In inland water scenarios, there are additionally a highly

detailed shoreline, stationary traffic, traffic signs, bridges, etc.

as e.g. in Fig. 1. For such scenarios, we use a research vessel

equipped with two RGB cameras and a lidar sensor.

The data-sets are recorded at Lake Constance on different

days. We calibrated the cameras for stereo vision and the

lidar to the cameras for data fusion. The data are split into

a training and a test data-set. Annotated stereo images and

point clouds with 3d bounding boxes are provided. We also

provide an initial algorithm to detect 3d bounding boxes. For

this purpose, we trained a 2d image detector and used the

stereo and lidar range information to obtain the 3d bounding

box. In summary, the main contributions of the paper are:

• A sensor setup for close range obstacle detection.

• A novel annotated 3d stereo and lidar data-set for inland

water detection to train and test deep learning models.

• A baseline detection method for comparison purpose.

II. RELATED WORK

For autonomous driving many object detection data-sets

with 3d object annotations exist. The most popular ones

are KITTI [11] and nuScenes [7]. However, for waterborne

scenarios there are few annotated 3d data-sets.
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For maritime applications 2d detection benchmarks are

more common. In the marine data-sets of Modd [13] and

Modd2 [3], the obstacles are annotated with 2d bounding

boxes. A benchmark for deep learning based object detection

in maritime scenarios is presented in [15]. The benchmark

consists of RGB and near infrared images from the Singapore

Maritime Data-set [17] with annotated 2d bounding boxes.

In the field of waterborne 3d object detection, there is

the Roboat project which is an autonomous surface vehicle

for urban waterways [21][22]. The sensor system uses lidar,

camera, and IMU. Objects are detected in the lidar point

cloud with a predefined region of interest, a height filter,

and a density based clustering algorithm. In [16] a similar

technique is used, based on a point cloud reconstructed by

RGB stereo cameras. However, both data-sets do not provide

annotated 3d bounding boxes.

The USV inland multi-sensor data-set and benchmark [8]

utilize a sensor setup similar to ours, but its benchmark

tackles different problems like simultaneous localization and

mapping, stereo matching, and water segmentation. The most

similar benchmark to ours is the Reeds robot perception

benchmark [1]. The sensor setup combines two lidars, six

cameras, radar, global navigation satellite system (GNSS),

and inertial measurement unit (IMU). The authors mention

that they will also provide 3d bounding boxes with different

object categories. However, at the time of submission, we

were unable to find any public data from the data-set. As

far as we know, our proposed approach is the first publicly

available multi-modal data-set with oriented 3d bounding box

annotations for inland waters.

III. SENSOR SETUP

As experimental platform, we use the research vessel

“Solgenia” equipped with the sensor system shown in Fig. 2.

An aluminum profile serves as base element on which the

sensors are mounted. The aluminum profile itself is mounted

on the roof of the vessel.

To capture RGB images, two Basler ace acA1920-40gc

cameras with Kowa LM12HC lenses with constant focal

length of 12.5mm are used. This configuration yields a

horizontal and vertical aperture angle of ∼49◦ and ∼32◦.

To obtain an IP66 protection level, we protect the cameras

against bad weather conditions and splash water with protec-

tive housings. Due to the rigid aluminum profile, the cameras

are almost in stereo normal case. The baseline of the cameras

is about 1.6m. The cameras provide 12bit raw images with

a resolution of 1920× 1200 pixels.

A Velodyne VLS-128 lidar is mounted between the cam-

eras. This laser scanner provides 128 channels with a mea-

surement range of 245m. The horizontal and vertical fields

of view are 360◦ and 40◦. The range accuracy is specified

by the manufacturer by ±3cm. The laser scanner generates

a point cloud, where each point measurement consists of 3d

point coordinates, channel information, and intensity value.

Additionally, a Xsens-MTi-G-710 (IMU) is mounted to

measure the vessel’s motion and a Trimble BX992 (GNSS)

for synchronization.

Fig. 2. The research vessel “Solgenia” equipped with two RBG cameras,
a laser scanner, and an IMU.

A. Synchronization

Sensor fusion requires highly synchronized data. There-

fore, we use a network time protocol (NTP) server that is

running on the GNSS device. This time information is also

transmitted via a NMEA sentence in combination with a

pulse per second to the lidar. Since the lidar is rotating,

it continuously yields point cloud data. Therefore, it serves

as the time clock for triggering the cameras. The cameras

are triggered when the laser beams point forward (forward

orientation of the vessel). To reconstruct 3d-information with

a stereo system, the two cameras are also synchronized. Since

the cameras support the precision time protocol (PTP), a

synchronization of the cameras up to nanoseconds is possible

using a PTP-grandmaster, that gets the correct time from

the NTP-server. With this synchronization, the lidar and the

cameras get the same time-stamp in their data headers.

B. Sensor parameters

The different sensors and other entities in the setup have

local coordinate systems. The rigid body transformations

between these coordinate systems are defined as

Tto
from =

[

Rto
from tto

from

0 1

]

∈ R
4×4,

with rotation Rto
from ∈ R

3×3 and translation tto
from ∈ R

3. The

sub-script ”from” can be from {caml, camr, lidar, chs, pln,
obj} for the left and right camera, the lidar, the calibration

chessboard, the water surface plane, or the detected object.

The super-script ”to” is restricted to {caml, camr, pln}.

Both cameras in the sensor setup have their individual in-

trinsic Kcaml
,Kcamr

∈ R
3×3, distortion parameters, and ex-

trinsic camera parameters. Since reconstruction from stereo

cameras is simpler from rectified cameras, we rectify the

cameras using [4]. This approach yields rectified projection

matrices Pcaml
,Pcamr

∈ R
3×4 and the rotation matrices

from the un-rectified to the rectified camera systems. The

difference between Pcaml
and Pcamr

is then a translation
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along the baseline [−Bx, 0, 0]
T . Note that variables with an

over-line, refer to rectified cameras.

In the sequel, we use the coordinate system of the rectified

left camera as global coordinate system for all subsequent

steps. In particular, t
pln
caml

is chosen to be parallel to the water

surface normal. Objects on the water surface are given with

respect to the water surface and can only be rotated around

the water surface’s normal. Thus, the object’s bounding

boxes will be aligned with the water surface.

C. Calibration

To calibrate the cameras and the stereo system, we used

a flat chessboard pattern with 9 × 6 corners which have a

distance of 10cm. So, there are 54 corresponding image and

world points per view.

During calibration, the chessboard pattern is moved in

front of the camera to get images of the pattern from different

perspectives. The chessboard corners are detected with sub-

pixel accuracy using [9]. The intrinsics Kcaml
,Kcamr

of the

cameras are estimated with Zhang’s method [23]. In cases

where the chessboard was slightly bent, we used the method

of Strobl/Hirzinger [20]. The radial distortion parameters are

estimated to compensate lens distortion.

For the stereo calibration, we used the same chessboard

pattern captured by both cameras simultaneously. With the

known intrinsics, the relative rigid body motions T
caml

chs and

T
camr

chs are estimated. As an initial guess for the final least

square minimization of the re-projection error we use

Rcamr
caml

= R
camr

chs · (Rcaml

chs )
T

and

tcamr
caml

= t
camr

chs −Rcamr
caml

· tcaml

chs .

For the subsequent rectification [4] we take as input the

intrinsics, the distortion parameters, and Tcamr
caml

and yields

Pcaml
,Pcamr

. In summary, the camera calibration yields the

following parameters for each camera:

• un-rectified intrinsic camera parameters,

• radial distortion parameters,

• rotation from un-rectified to rectified coordinates,

• rectified projection matrix.

The sensor fusion of cameras to lidar requires the rigid

body motion T
caml

lidar . To this end, the calibrated stereo system

is used to reconstruct an RBG point cloud PRGB. On the

other hand, the lidar also generates a point cloud Plidar. For

the sensor fusion, these two point clouds are registered. For

the coarse registration, we ignored the rotational component

and the remaining translation of the left camera to the lidar

was measured manually. For the fine registration, we use the

iterative closest point (ICP) algorithm from [2] to compute

T
caml

lidar . This allows to project a homogeneous lidar point p ∈
Plidar into the rectified image via

[

u v w
]T

= Pcaml
·T

caml

lidar · p. (1)

Furthermore, we provide the filtered IMU data, although

we do not use it in our setup.

IV. DATA-SET

Deep learning models require a large amount of data

to adjust their weights. Additionally, supervised learning

algorithms need annotations, whose generation is laborious

and time consuming. Nevertheless, we recorded a data-set

with the sensor setup proposed in Section III and annotated

interesting sequences by human annotators. The name of the

data-set is, Lake Constance Obstacle Detection Data-set.

A. Acquisition

The sensor system on the “Solgenia” is controlled by a

notebook on the vessel, which allows to monitor the sensor

data. For the communication with the sensors the robot

operating system (ROS) is used. We recorded data at five

different days to generate variation in the data. On each

recording day, we captured data of the chessboard pattern

so that a later offline calibration was possible. The lidar and

the cameras were operated at 10Hz. The sensor data was

saved into rosbag files for offline replay of the sensor data.

The data was recorded at Seerhein, which is a section

of the Rhine River and on Lake Constance. The visibility

was clear on all days and the weather was good. Obviously,

scenarios in bad weather would have been interesting as well.

However in these conditions, almost no other traffic was on

the lake and the recording process was too dangerous.

B. Annotation

Because we saved the sensor data in rosbag files, we are

able to use the rosbag API to read the data. Since there

is a header with a time-stamp for each date, synchronized

data can be read easily. To annotate the point clouds with

bounding boxes we used ROS and RViz, which is a 3d

visualization tool for ROS. To annotate a point cloud, we

predefined time-stamps where the data contain an interesting

scenario. During data loading the ROS stereo processing

node rectifies the camera images and computes PRGB.

Due to current and waves, the distance of the sensors to

the water surface is not constant and might be rotated. So,

first the water surface is approximated with a water plane. For

objects in close range, the earth’s curvature can be neglected,

such that all objects lie on a local water plane. This water

plane is estimated for every time-step.

To estimate the water plane, the annotator had to mark the

water surface in the left camera image with a 2d bounding

box. A random sample consensus (RANSAC) [10] is then

used to fit a plane to the points of PRGB inside the marked

image patch. The RANSAC returns a normalized normal n

and a support point s. Thus, T
pln

caml
given by (cf. Fig. 3)

R
pln

caml
=

[

x n z
]T

, t
pln

camt
=

[

0 −n · s 0
]T

,

with z = [1, 0, 0]T ×n and x = n×z. A homogeneous lidar

point p ∈ Plidar is mapped to water plane coordinates q via

q = T
pln

caml
·T

caml

lidar · p.

Compared to the usage of the IMU data, the advantages of

this approach are, that the sensor height can be estimated as

well and there is no need to calibrate the IMU to the camera.
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This allows you to directly annotate bounding boxes for

the individual objects in the plane coordinate system. A

bounding box can only be placed and moved along this plane.

Since PRGB is noisy due to depth errors, we assume that Plidar

is more accurate and is used as 3d ground truth. Thus, the

annotator translates (in the water plane), rotates (around the

planes normal), and scales the bounding box such that the

object points from Plidar are enclosed by the bounding box.

For objects that are far away, this might be ambiguous.

Then, there are very few lidar measurements, and for the

annotator, it is difficult to estimate the size and orientation

of the object correctly. Therefore, the bounding box was

projected back to the rectified image to support the annotator.

The bounding box is oriented according to the orientation

of the vessel in the range [π,−π]. This means that an object

which has a heading of 0 is aligned along the z-axis of the

plane. A bounding box is defined by the position of the

center, its extent (width, height, length), and the rotation

around the y-axis of the plane. With this information, the

rigid body motion T
pln

obj is well defined, see Fig. 3.

Each bounding box has some meta-data. We defined nine

categories and have assigned a category to each bounding

box. The categories are motorboat, sailboat, sailboat under

bare poles, stand-up paddle, catamaran (aka speedboat), car

ferry, pedal boat, motor vessel, and pile. One example of

each category is shown in Fig. 4. Other attributes that we

have assigned to a bounding box are occlusion and visibility.

Occlusion means how much an object is occluded by another

object. Visibility means the percentage of an object that is

not visible in the image (out of image boundary). We define

four levels for each attribute: 0%, 25%, 50%, 75%. In case

of occlusion or low visibility, the bounding boxes are scaled

to match the original size of the object, even if there is only

one lidar point. Fig. 7 shows ten examples from the data-set.

There are further restrictions for the annotations. For a

bounding box, at least one lidar point must be captured. This

also means that only objects within 245m were annotated.

In addition, only objects that are in the field of view of the

cameras were annotated. Due to privacy policy, we had to

pixelate visible faces and vessel identifiers. Sometimes short

sequences with intervals of only 100ms were annotated. This

xp

yp

zp

xcl

ycl

zcl

T
pln

caml

plane

yl

zl

xl

T
caml

lidar

xcr

ycr

zcr
T

caml

camr

xo

yo

zo T
pln

obj

Fig. 3. Illustration of the coordinate systems used in our data-set.

Fig. 4. Categories present in the data-set in the order from top left to
bottom right: motorboat, sailboat, sailboat under bare poles, stand-up paddle,
catamaran, car ferry, pedal boat, motor vessel, pile.

leads to small changes in the image but provides also many

small orientation changes.

Finally, the sensor data, calibration data, and annotations

are saved in a hierarchical data format (hdf5). Each file is

named after the time-stamp when the data was recorded.

The training data-set has 1664 annotated frames with 2600
annotated objects. The test data-set has 310 annotated frames

with 389 annotated objects. The distribution of the individual

categories and the number of objects per image are shown

in Fig. 5. The distance between consecutive annotations per

sequence is shown in Fig. 6. The test data-set is independent

from the training data-set. It was recorded at the same loca-

tions but on two days when no training data was recorded.

V. BENCHMARK

To provide an initial baseline, we combine some ap-

proaches presented in Section II. In [21] Euclidean clustering

is applied to the lidar point cloud to obtain candidate

obstacles. However, in our baseline, we replace the Euclidean

clustering with a neural network in image space.

A. 2d object detection

First, we fine-tune a 2d detection network to find interest-

ing regions, where objects could be located in the image. This

is used to cluster the individual objects. One advantage of the

neural approach is that the objects can also be classified. In

order to train a 2d object detector, ground truth 2d bounding

boxes in the image plane are required. Since the data-set

contains the vertices {v0, . . . ,v7} =: V of the 3d bounding

boxes in water plane coordinates, we first map them to the
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Fig. 5. This figure shows the distribution of the categories in the training
and test data-set (top) and the distribution, of how many objects occur in
an image (bottom).

rectified left camera image

[

x y w
]T

= Pcaml
·
(

T
pln

caml

)

−1

· v, v ∈ V.

The 2d axis-aligned bounding box is defined with the top

left a and bottom right point b which are obtained by

a = [min{x/w|v ∈ V},min{y/w|v ∈ V}]
T
,

b = [max{x/w|v ∈ V},max{y/w|v ∈ V}]
T
.

This ensures that an object is completely included in its 2d

bounding box. It will be used to tune the 2d object detector.

For the baseline, we used a Faster R-CNN [19] with a

ResNet-50 [12] backbone. The neural network was trained

on the training data-set and we measured the generalization

performance on the test data-set with the mean average

precision (mAP), mean average precision at the intersection

over union (IoU) level 50 (mAP50) and 75 (mAP75). The

final model achieved a mAP of 0.282, mAP50 of 0.570, and

mAP75 of 0.244. The model is able to detect objects that

have not been annotated due to the distance. However, this

influences the metric. It also partially misclassifies motor

vessels, catamaran, and ferry. This is probably because the

objects are very similar.

For fine-tuning, the model was initialized with pre-trained

weights and we replaced the last classification layer that our

new classes are learned. The neural network models were

fine-tuned (updated all weights) on an NVIDIA A100 GPU

with an initial learning rate of 5× 10−5, a weight decay of

10−4 with an ADAM optimizer, and batch size 6. We reduce

the learning rate by 10−1 if the loss does not decrease for

three epochs on validation data, until a learning rate of 10−9

is reached. We used early stopping and reduced the image

resolution for network input to 928 × 576 pixels. During

fine-tuning, we split the training data-set into 80% training

and 20% validation data to prevent overfitting. The images

are augmented in each batch by a horizontal flip with a

probability of 0.5.

B. 3d bounding box estimation

With the detected objects in the image, the corresponding

3d bounding boxes must be computed. To obtain 3d infor-

mation of an object, we use the lidar sensor.

We first projected Plidar into the image (1) to determine

the lidar point cluster. All points that fall into a detected 2d

bounding box belong to one cluster. This results in a 3d point

cluster for each object in the scene. To determine 3d bound-

ing boxes on the water plane, we need an estimate of the

water plane. Assuming that the last 500 rows in each stereo

image pair capture the water surface, the stereo point cloud

is reconstructed and RANSAC is used to estimate the water

plane, see Sec. IV-B. This allows to map the reconstructed

3d points of each cluster to the water plane coordinates. To

obtain the 3d bounding box for each cluster, we project the

point clusters to the 2d plane by removing the y-component

(height). In [16] the main axes of the bounding box are

determined with principal component analysis (PCA). We

estimate the oriented bounding box with the PCA of the

convex hull. Since we set the y-component to 0 only the

2d bounding box in the xz-plane is estimated. To get the

bounding box height, we take the minimum y-value in the

point cluster.

C. Evaluation

For evaluation, we used the mAP metrics from the COCO

benchmark [14]. This metric is designed only for 2d detectors

with axis-aligned bounding boxes. For the evaluation of
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10−1

100

101

102

Number of sequences

D
is
ta
n
ce

b
et
w
ee
n
an

n
ot
at
io
n
s
[s
]

Fig. 6. Distance between annotations per recorded sequence (blue: training
data-set, red: test data-set). The dot size indicates the density of the occurring
differences in a sequence.
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Fig. 7. Ten annotated left camera and point cloud samples of the data-set. The first three rows show samples of the training data-set. The fourth and the
fifth rows show samples of the test data-set.

arbitrarily oriented bounding boxes, the IoU module was

replaced with an algorithm for IoU computation of oriented

3d bounding boxes [18, 5]. As in [5], the metric is called

mAP3D. We measured for the proposed method a mAP3D of

0.069, mAP50
3D of 0.194, and mAP75

3D of 0.035. For evaluation,

the ground truth and the estimated 3d bounding box are back-

projected to the camera coordinate system. It is clear that

the 3d detection can be highest equal to the previous 2d

detection. With the image-lidar approach, the estimated 3d

bounding boxes are usually too small. This is because the

lidar sometimes only measures one side of the object and

therefore with PCA it is not possible to measure the whole

extent. Too small bounding boxes can also occur when there

are not enough lidar measurements, for example, objects

are too far away. We compute with our method too large

bounding boxes when two objects are behind each other.

Then the points of both objects are in one cluster and PCA

calculates the bounding box as too large.

VI. CONCLUSION

In this paper, we have introduced a novel multi-modal

annotated 3d data-set for inland waters. The data-set contains

2989 annotated 3d bounding boxes with category, occlusion,

and visibility information. We provide a training data-set and

an independent test data-set. We propose a sensor setup for

close range obstacle detection on inland waters and a method

for image-lidar detection.

The purpose of this data-set is to push the development of

collision warning systems and to contribute to the develop-

ment of deep learning models for inland water safety.
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