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ABSTRACT In recent years, computer vision has transformed fields such as medical imaging, object
recognition, and geospatial analytics. One of the fundamental tasks in computer vision is semantic image
segmentation, which is vital for precise object delineation. Autonomous driving represents one of the key
areas where computer vision algorithms are applied. The task of road surface segmentation is crucial in
self-driving systems, but it requires a labor-intensive annotation process in several data domains. The work
described in this paper aims to improve the efficiency of image segmentation using a convolutional neural
network in a multi-sensor setup. This approach leverages lidar (Light Detection and Ranging) annotations to
directly train image segmentation models on RGB images. Lidar supplements the images by emitting laser
pulses and measuring reflections to provide depth information. However, lidar’s sparse point clouds often
create difficulties for accurate object segmentation. Segmentation of point clouds requires time-consuming
preliminary data preparation and a large amount of computational resources. The key innovation of our
approach is the masked loss, addressing sparse ground-truth masks from lidar point clouds. By calculating
loss exclusively where lidar points exist, the model learns road segmentation on images by using lidar points
as ground truth. This approach allows for seamless blending of different ground-truth data types duringmodel
training. Experimental validation of the approach on benchmark datasets shows comparable performance to
a high-quality image segmentation model. Incorporating lidar reduces the load on annotations and enables
training of image-segmentation models without loss of segmentation quality. The methodology is tested by
experiments with diverse datasets, both publicly available and proprietary. The strengths and weaknesses of
the proposed method are also discussed. The work facilitates efficient use of point clouds for image model
training by advancing neural network training for image segmentation.

INDEX TERMS Autonomous vehicles, computer vision, deep learning, lidar point clouds, semantic
segmentation, road surface detection.

I. INTRODUCTION
Computer vision hasmade huge advances in recent years, rev-
olutionizing domains such as autonomous vehicles, medical
imaging, and object recognition. Image segmentation is one
of the fundamental tasks in computer vision, which plays a
crucial role in accurately identifying and delineating objects
of interest within an image. Modern self-driving systems rely
on image segmentation, using convolutional neural networks
in their perception pipelines. The task of image segmentation
is effectively addressed by current state-of-the art models. But
it requires a substantial amount of data and costly annotation.

The associate editor coordinating the review of this manuscript and

approving it for publication was Okyay Kaynak .

Most self-driving systems use sensors such as lidars (Light
Detection and Ranging) for various computer vision tasks.
Lidar technology is widely utilized for obtaining detailed
depth information about a scene by emitting laser pulses
and measuring their reflections. The technology has found
many applications in fields such as robotics, self-driving
cars, and environmental mapping. While lidar data provide
accurate depth information, they are unable to precisely
segment objects within the scene. Lidars typically generate
sparse point clouds. They measure distance to the surfaces
of objects but cannot match visible-spectrum cameras when
it comes to providing complete information about the shape,
texture, and color of objects. Also, lidar measurements have
limited accuracy in certain situations; for example, when
dealing with transparent or reflective surfaces where the

135820

 2023 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.

For more information, see https://creativecommons.org/licenses/by/4.0/ VOLUME 11, 2023

https://orcid.org/0000-0001-6467-3472
https://orcid.org/0000-0002-4789-6700


D. Sharafutdinov et al.: Lidar Annotation Is All You Need

reflected laser pulses may be distorted or absorbed. Object
segmentation based on lidar data can be challenging because
the points obtained are not always directly associated with
specific objects. For instance, in dense clusters of objects or at
road intersections, points from separate objects can be mixed
within a single point cloud.

These inconveniences make it difficult to create high-
quality datasets and to train models using lidar point clouds.
Utilizing two data domains makes it possible to harness the
advantages of each approach but this demands significant
resources for annotating data. An effective fusion of point
clouds and images in training 2D road segmentation has the
potential to enhance prediction quality and reduce annotation
costs.

In this work, we propose a novel approach that effectively
leverages lidar annotations to train image segmentation
models directly on RGB images. By using lidar annotations
as ground truth labels, we can project the information they
provide in order to guide the segmentation process. Instead
of manually annotating each image, we use lidar annotations
to create road area labels. This allows us to focus on the
annotation of only one type of data. Subsequently, we train an
image segmentation model on projected lidar data to obtain a
model capable of automatically segmenting roads in images.

The proposed method offers several advantages. Firstly,
only lidar annotations are required, which significantly
reduces the annotation workload. Secondly, incorporating
lidar data by mixing them with images improves segmenta-
tion quality. Thirdly, our approach is flexible and applicable
to various types of images and segmentation tasks. It not
only optimizes the annotation process but also enables fusion
of lidar and RGB data. This helps segmentation models to
handle challenging scenarios such as low-light conditions,
complex backgrounds, and objects of various shapes more
successfully. By mixing different types of data we reduce
the number of images that are needed in order to obtain
high-quality results from the training process.

We measure the efficiency of our approach by carrying
out comprehensive experiments using benchmark datasets,
comparing the performance of ourmethodwith a high-quality
image segmentation model. The results show comparable
accuracy and efficiency, which confirms the benefits of
incorporating lidar data in the image segmentation model
training process.

This paper offers a detailed description of our approach and
presents experimental results that showcase the effectiveness
and applicability of our method. We also compare it with
traditional methods for training segmentation models and
discuss the advantages and limitations of our approach.

The contributions of the paper are as follows:
• We propose a novel flexible and effective approach
to image segmentation using convolutional neural net-
works and projected lidar point-cloud data as a ground
truth.

• We evaluate the proposed method on several datasets,
compare it with a model trained using standard 2D

ground truth, and consider the specifics of our approach,
including mixing capabilities and differences in sensor
setup. The paper is supported by the published GitHub
repository1 with the method implementation, processed
datasets, and code base for future research.

II. RELATED WORK
Road segmentation is a common task for autonomous vehicle
software and an important part of any self-driving system.
There are many approaches to segmentation of roads on
image [1], [2], [3]. Currently, neural network-based semantic
segmentation is the most commonly used solution for the
road segmentation task. Semantic segmentation [4] consists
in clustering parts of an image that belong to the same
class of objects. This is a form of pixel-level prediction
because each pixel in an image is classified according to
a category.

Classical models of semantic image segmentation con-
sist of two main parts: an encoder and a decoder. The
encoder reduces the spatial resolution of the input data to
extract important features. The decoder makes an upsample
representation of features into a full-size segmentation
map [5]. In the task of semantic segmentation, ground truth
segmentation masks are usually used for training. Such
masks encode which category each pixel belongs to. There
are many approaches to semantic image segmentation for
road segmentation that use segmentation masks and require
segmentation datasets to be annotated on images, such as
U-Net [6] base implementations, PSPNet [7], etc., which
allow high-precision image clustering.

Lidars are also used in autonomous vehicles. They provide
information about the environment where cameras fail, such
as in low-light conditions. Lidar data [8] is a cloud of points
reflected from surfaces and read by lidar. A point cloud,
as well as a camera image, can be used for segmentation
task [9], [10], and it should be labeled, too. Segmen-
tation on lidar data requires more computing resources
and additional training operations. Lidar-based methods
show good quality, but they have limitations as well [11].
Point-based methods such as PointNet [12] are generally
time-consuming. Projection-based methods [13] are very
efficient approaches for lidar point clouds, but the accuracy
of segmentation that they can achieve is limited. Voxel-based
methods are a compromise between speed and accuracy,
but they are still less accurate than image segmentation
methods. Another way is multirepresentation fusion methods
such as LIF-Seg [14]. These methods combine multiple
representations (e.g., points, projection images, and voxels)
and utilize feature fusion among different network branches,
which requires more computing resources, and the annotation
of images and annotation of lidar points are mutually
dependent.

There is another group of approaches for lidar seman-
tic segmentation that do not involve neural networks.

1https://github.com/Evocargo/Lidar-Annotation-is-All-You-Need
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Such methods as [15], [16], and [17] are usually applied in
limited cases and require customization for each situation.
Their inference speed is highly dependent on the amount
of data. However, if we use homogeneous data, they allow
getting precise road segmentation results. It makes this group
of methods a possible option for road surface annotation for
lidar data.

The complexity of training lidar-based models as well
as the costliness of point cloud labeling lead to the idea
of using point clouds in another representation [18], [19].
SqueezeSeg [20] proposes converting point clouds to dense
spherical view and then processing them as image input for
neural network. In contrast, VolMap [21] is an example of
a semantic segmentation model for 360-degree lidar data
in volumetric bird’s-eye view representation. PolarNet [9]
proposes the use of a polar bird’s-eye view representation of
point clouds. Multi-Projection Fusion (MPF) framework [22]
incorporates several representations of the point cloud to
minimize loss of information and increase the performance
of the model. These approaches outperform standard 3D
deep neural networks and allow for the segmentation of
objects on a lidar point cloud. At the same time, they usually
neglect image data and make predictions in intermediate
space (spherical, bird-eye view, polar).

Another group of methods fuses information from several
sensors, such as a monocular camera and lidar. The main
challenge with such approaches is that images and point
clouds are in different data domains. PLARD [23] adapts
point clouds to images by projecting them and applying
altitude difference-based transformation. Then, the feature
space adaptation allows for the fusion of image features
and lidar data features in the neural network. In another
approach [24], images and lidar data in the form of lidar
grid maps are processed by separate streams of FCN. Then
they are fused by the Fusion Layer, which allows getting
road prediction in the bird’s-eye view representation. The
authors in [25] propose the fusion of two road segmentation
results. One comes from an inverse-depth aware fully
convolutional neural network (IDA-FCNN), which integrates
images and reprojected point clouds. The second prediction
was produced by the inverse-depth histogram-based line
scanning method on lidar’s 3D point cloud. An approach
from [26] proposes a conversion of a point cloud to a mesh
and the use of several image views of it. These image views
in the form of both RGB and depth data are then fused
in different ways in several segmentation neural network
architectures.

These approaches also show promising results in terms
of the quality of their predictions. But they may require
annotated data from several sensors, which could be difficult
to get. Also, such approaches use complex network architec-
tures with various processing and fusion steps. This could
lead to unstable training, and it demands more computational
resources.

In our approach, we decided to train an image-based
semantic segmentation model with the help of masked loss

and projected road ground truth points from lidar space.
The latter could be obtained either from point cloud
annotation or from the secondary lidar road segmentation
model. Such an approach allows predicting road surfaces in
the image space using the advantages of lidar data and, at the
same time, without data annotation in several domains.

III. APPROACH
The overall pipeline of our approach is depicted in Fig. 1.
It consists of four main parts: point cloud road annotation,
data preparation, masked loss, and the segmentation model
itself. Firstly, we get the data with road annotations in the
point cloud domain. After that, we project points using
homogeneous transformations and camera parameters. Then,
using the projected points we get the road ground truth and
mask for loss calculation with added random noise. Images
from the camera are processed by the segmentation model.
Predictions and masks from the previous step are utilized
by the Masked loss, which allows training the model using
sparse ground truth data. Finally, after model training, we get
an image with a segmented road. The training procedure as
well as the Masked loss allow mixing projected ground truth
with traditional 2Dmasks, whichmakes the approach flexible
in terms of data. In the following subsections, we describe
each part in detail.

A. POINT CLOUD ROAD ANNOTATION
To use lidar data during training, we need road surface annota-
tion on point clouds. This could be done eithermanually using
a point cloud annotation tool, such as SUSTechPOINTS [27],
or using classical approaches for road surface detection [15],
[16], [17], which were mentioned in the Related work
section. Depending on the data, road annotation could be
done relatively fast thanks to the homogeneous nature of
the road surface. A classical approach could allow getting
road annotation without manual annotation at all, but it needs
fine-tuning for specific data.

B. DATA PREPARATION
An obtained point cloud with road annotation is projected
on the image plane using homogeneous transformations.
For such projection, we use synchronized camera and
lidar frames, accompanied by camera parameters, and a
transformation matrix from lidar to camera frame. To project
homogeneous point x = (x, y, z, 1)T in lidar frame
coordinates to point y = (u, v, 1)T on an image plane, we use
the equation:

y = KTcameralidar x (1)

where K is the camera intrinsic matrix and Tcameralidar is the
transformation matrix to transform lidar coordinate to camera
coordinate.

After transformation, we get points on the image as a mask
of pixels, both for road class and for all the other points
from the lidar scan. We use points in the form of two masks.
The first one is the road mask (Fig. 2c). In contrast with

135822 VOLUME 11, 2023



D. Sharafutdinov et al.: Lidar Annotation Is All You Need

FIGURE 1. The overall scheme of our approach.

the standard segmentation training scheme, the mask here
is sparse, so it couldn’t be used in such a form directly.
To overcome this issue, we use Masked loss, which will be
explained in the next subsection. Additionally, we need all the
other points from a lidar scan, so the second mask contains
an entire lidar scan, including the road surface. Since the
lidar points are mainly located in the lower part of the image,
the upper part of the image does not have any points at all.
It could lead to inaccurate predictions in that area, which will
further impact segmentation metrics and also lead to false
positive predictions. Because of that, we add random points
in the upper half of the mask (negative class) to balance the
distribution of the points where we will calculate the loss.
The union of these two masks will be used as a space for loss
calculation (Fig. 2d).

C. MASKED LOSS
To tackle the problem with the sparsity of road ground
truth masks obtained from the lidar point clouds, we use
Masked loss. The idea is to change the space of the loss
calculation. Instead of using the whole image, we calculate
the loss only in the pixels where we have lidar points, which
are all the projected points. In other words, we force the
model to learn road segmentation by measuring the error
of predictions on a grid of points. It could be compared to
looking at the image using shutter glasses (shutter shades).
Even though they have lines, which might decrease visibility,
the human eye can see almost the same picture. A schematic
illustration of such a view is shown in Fig. 3. In the same
way, the model gets enough information about the scene by
calculating loss in specific areas of the image, which still
covers most of the important parts including the road surface.
Masked loss LMASKED for each image could be formulated in

FIGURE 2. Examples of images and masks used during model training.

such a way:

LMASKED = −
1
M

N∑
i=1

mi(yi log(pi) + (1 − yi) log(1 − pi))

(2)

where yi indicates whether pixel class is actually the road or
not, pi is a model prediction of pixel class, mi is an indicator
showing whether there is a projected point in this pixel, N is
a total amount of pixels in the image, andM is a total amount
of lidar points projected on the image, e.g., all non-zero
values in m.
In essence, it is a binary cross-entropy loss with an applied

per-pixel mask, averaged by the number of lidar points
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projected on the image. For images with a standard mask of
2D road ground truth, we use a mask of ones for each pixel
on the image. In this case, m is an array of ones, and N = M .
Which is the same as using non-masked binary cross-entropy
loss. This makes it possible to mix two types of ground truth
data during the training of the model. Even though in this
research paper we focus only on road surface detection, the
masked loss could be applied to different classes. Moreover,
it could be generalized to multi-class segmentation problems.

FIGURE 3. Shutter glasses view of the street.

D. MODEL
As amodel, we use PSPNet semantic segmentationmodel [7],
which is well-studied by the computer vision community.
PSPNet and its variations show good results for segmentation
tasks in different domains as well as for road segmenta-
tion [28], [29]. Moreover, it has benchmarks on various
datasets, which are useful for research purposes. RGB camera
images are used as input to the model.

IV. EXPERIMENTS AND DISCUSSION
A. SETUP
1) DATASETS
To validate the method presented in our article, we used two
open-source datasets and one proprietary dataset.

Perception Waymo Open Dataset [30] (version 1.4.0) was
used for the first set of experiments. It contains synchronized
image and lidar data from urban environments. Moreover,
there are semantic segmentation annotations for both 3D
and 2D data. This makes it convenient to run experiments
in different data setups: 2D masks only, projected masks
only, and a mix of these two types of masks. Unfortunately,
2D and 3D annotations are created separately and not for
the entirely same images. Because of that, we filtered the
dataset so that all the images have both 2D road masks and
projected road masks (‘‘Waymo with intersection’’ dataset).
This allows a fair comparison of metrics in different setups.
We got 1852 images in the train set and 315 images in
the validation set after filtering. All the filtering code as
well as filtered data are available on the github page of the
project. Projection of points from point clouds was done
using Waymo tools from the dataset repository. Camera
parameters and transformation matrix between lidar and
cameras are provided by the authors of the dataset. Moreover,
we extracted all the images and points without intersection
(‘‘Waymo full’’ dataset). This dataset contains 12291 masks

with 2D ground truth, 23691 masks with projected points,
35982 masks for mixing case, and 34130 images (the overall
number of images is smaller because of the intersection
between 2D masks and masks with projected points).

Another open-source dataset for training and inference was
the KITTI-360 dataset [31]. KITTI-360 is a suburban driving
dataset that includes richer input capabilities, comprehensive
semantic instance annotations, and precise localization,
facilitating research at the intersection of vision, graphics,
and robotics. Just like the Waymo Open Dataset, this dataset
contains the necessary data, such as lidar scans synchronized
with camera images, semantic segmentation for 3D lidar
scans (for training), semantic segmentation for 2D images
(for validation and mix training), camera parameters, and a
lidar-camera transformation matrix. After extracting labeled
images that correspond to the projected labeled lidar scans,
we got 49004 samples for training and 12276 samples for
validation.

A proprietary dataset was collected using the autonomous
cargo vehicle developed by Evocargo (Fig. 4). The vehicle is
equipped with two Robosense RS-Helios 32 lidars and one
Lucid Triton TRI023S-CC color camera. Camera images and
lidar point clouds are precisely synchronized. Point clouds
were annotated manually in the SUSTechPOINTS annota-
tion tool [27]. Using camera parameters and transforms,
we projected point clouds on the image in the same way
as in the previous experiments. The final dataset consists of
5000 images.

FIGURE 4. Evocargo autonomous vehicle used to collect proprietary data.

2) EVALUATION
Intersection-over-Union (IoU) metric was used during train-
ing and inference stages:

IoU =
|P ∩ G|

|P ∪ G|
(3)

where P and G class predictions and ground truth, respec-
tively.

3) IMPLEMENTATION DETAILS
PyTorch was used as a deep learning framework. The PSPNet
model implementation (ResNet34 backbone) was taken from
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segmentation_models.pytorch [32] package. The YOLOP
package [33] was used as a code base.
For all experiments, we used the Adam optimizer with

a momentum equal to 0.937. LambdaLR scheduler was
applied for learning rate change during the training process.
A standard set of augmentations such as perspective trans-
formations, HSV color change, and left-right flips were used
during training.

For experiments with Waymo with an intersection dataset,
we trained the model for 300 epochs and used a learning rate
equal to 0.001, with a final learning rate equal to 0.0005.
Since the ‘‘Waymo full’’ is larger, we trained the model for
200 epochs and used a learning rate equal to 0.0001, with a
final learning rate equal to 0.00005.

For the KITTI-360 and proprietary dataset experiments,
we trained the model for 200 epochs (and 100 epochs for
proprietary dataset respectively) and used the same learning
rate as for the Waymo experiments, equal to 0.001, with
a changing learning rate by the end of training equal
to 0.0005.

B. RESULTS
1) WAYMO DATASET
We have conducted a set of three experiments: using only 2D
road ground truth, only projected points as ground truth, and a
mix of these types of ground truth. Moreover, we have trained
and evaluated models on two types of data: ‘‘Waymo with
intersection’’ and ‘‘Waymo full’’. A detailed explanation of
dataset parsing could be found in Section III. A. The resulting
IOU scores could be found in Table 1 and Table 2.
From Table 1 we can conclude that the model trained on

the small version of the dataset using only 2D ground truth
has the baseline IOU at 96.1%.Whereas for the model, which
used only projected points, the score is equal to 94.4%. It is
still a high-quality result, but it is lower by 1.7%. Experiment
with mixed data shows 95.3% IOU, which tells us that mixing
two types of ground truth allows to increase quality compared
to projected points only experiment and at the same time
decreases quality compared to 2D masks only experiment.

By looking at the results on the ‘‘Waymo full’’ dataset
in Table 2, we can observe the decrease of quality on more
difficult and variable data. The result produced by the model
trained using only 2D data is 0.5% lower for ‘‘Waymo full’’
than for ‘‘Waymo with intersection’’. At the same time, the
result shown by the model trained using projected points is
only 0.2% lower. This means that the model trained using
the projected points is more robust to variability of data and
needs less data to get high quality results. This is also true
for the model trained on a large dataset (-0.4% and -0.1%
respectively). Also, there is a growth in quality for the mixing
experiment of ‘‘Waymo full’’ (96.3% vs. 96.1% for the 2D
only experiment), which means that the addition of projected
data could increase the quality of the model trained only on
2D ground truth.

With the use of a larger dataset, we see the same
gap between the 2D masks experiment and the projected

FIGURE 5. Road prediction examples of the model on proprietary data.

points experiment. At the same time, the quality of the
mixing experiment is 0.2% higher than the 2D mask-only
experiment. Moreover, the quality of both 2D-only and
projected points only experiments increased compared to the
‘‘Waymo with intersection’’ dataset.

Also, we can notice that there is no drastic change in
prediction quality between models trained on small and large
versions of datasets, especially taking into account huge
differences in version sizes. The reason for that is that data
in the large version of the dataset has a larger frame rate,
but scenes are similar to the ones in the small version. Only
details and dynamic objects could make a difference in such
a case.

TABLE 1. Road segmentation results (% of IoU) on validation split of
‘‘Waymo with intersection.’’

TABLE 2. Road segmentation results (% of IoU) on validation split of
‘‘Waymo full.’’

2) KITTI-360 DATASET
Three distinct experimental conditions were systematically
applied to the KITTI-360 dataset: the utilization of only
2D road ground truth, the exclusive use of projected points
as ground truth, and a composite approach integrating
both types of ground truth. Contrary to the experimental
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FIGURE 6. Comparison of predictions of three models on the Waymo Open Dataset. From top to bottom: 2D only, projected 3D only, mix 2D +

projected 3D.

FIGURE 7. Comparison of predictions of three models on KITTI-360 dataset. From top to bottom: 2D only, projected 3D only, mix 2D + projected 3D.

procedures implemented for the Waymo dataset, no par-
titioning between comprehensive and partial datasets was
undertaken for KITTI-360, given the inherent consistency of
data correspondence within the KITTI-360 repository.

Our experiments show that the use of projected points
for training continues to demonstrate satisfactory results
performance, as shown in Table 3. However, when we
compare this with the results from the Waymo dataset,
we observe a noticeable IOU deviation, with a decline
of 2.7% from the baseline. This shift in values can be

linked with the unique features of the KITTI-360 dataset.
A significant observation from our study is the difference in
point distribution on the KITTI-360 imagery as compared to
the Waymo dataset, evident from Fig. 9. The dispersion of
these points likely correlates with factors such as the number
of laser beams in a lidar system and the total count of lidars
in the setup. A greater number of points typically leads to
a denser distribution. Despite these nuances, the approach
of utilizing only points for mask training remains relatively
consistent, with minor variances observed.
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FIGURE 8. Road segmentation results (% of IoU) on the validation split of
the ‘‘Waymo full’’ dataset for models trained on different ratios of 2D
image masks and lidar-based ground truth.

As for training the model on the mixed data between re-
projected 3D points and 2D image masks, the results are
similar to the results of the corresponding experiment on the
‘‘Waymo full’’ dataset. Mixing data increases IOU compared
to task baseline by +0.4%.

TABLE 3. Road segmentation results (% of IoU) on validation split of
KITTI-360 dataset.

3) PROPRIETARY DATASET
Wehave trained the samemodel on the dataset collected using
the Evocargo autonomous vehicle. The only experimental
setup here is the use of solely projected 3D points as a ground
truth. The final predictions can be seen in Fig. 5. It could
be noticed that despite differences in lidar points distribution
compared to Waymo and Kitti setups, which could be seen
in Fig. 9 (different density, distance between lidar rings, and
shape of lidar rings), the model still trains well. Predictions
for different types of scenes (e.g., with obstacles on the road,
a walking person, parked cars, and a crossroad) are very
precise, which means that this approach can be applied to
different sensor setups and proprietary datasets.

C. DISCUSSION
By examining the predictions in Fig. (6), we can make
several observations. First of all, the predictions of the
2D-only experiment (the first row) and the projected 3D-only
experiment (the second row) are very similar in terms of road
coverage and quality of segmentation, which is confirmed
by the metrics. Secondly, we could notice several limitations
of using lidar-based ground truth, which is a limited ground

truth distance and subsequent lower quality of predictions for
distant points, as well as less precise predictions at object
boundaries. Thirdly, we see how the mixing experiment (the
third row) eliminates both the imperfections of the 2D ground
truth-based model and the limitations of the lidar point-based
model, which leads to better road segmentation.

Based on that, we could conclude that the nature of
lidar data influences the quality of image segmentation
predictions. Since lidar has a limited range and receives data
at a certain frequency, points on the image will also have
a fixed range as well as less distinct boundaries of objects
compared to 2D ground truth. This is the possible reason for
the quality decrease of up to 2.5%. At the same time, we could
notice that the quality of prediction is very high, despite this
peculiarity of lidar-based ground truth data.

To explore the possibility of leveling out this feature,
we conducted an experiment on different ratios of data
mixing between 2D image masks and lidar-based ground
truth. As we can see from the Fig. 8, addition of 2D image
masks to 100% of lidar-based ground truth increases the
quality of prediction. Use of 25% of 2D image masks allows
getting almost the same result as using 100% of images solely
(95.9% vs. 96.1%), whereas addition of 50% of 2D image
masks increases quality to 96.1%. Moreover, the addition
of 100% of 2D imagemasks allows getting the highest overall
performance, as shown in the previous section.

Regarding the experiments with the KITTI-360 dataset
(Fig. 7), the results appear similar to those from the Waymo
dataset experiment. At first glance, the road segmentation
seems very akin to the road segmentation trained solely on
2D road masks. As previously discussed, the metric decrease
in this case is slightly higher than in the Waymo experiment
(a decline of −2.7%). We posit that the poorer metrics
can be attributed to various factors, including hardware-
related issues. The final results can be influenced by different
densities of point projections onto the image, the image’s
perspective, the resulting mask of points projected onto
the image, and the lidar-camera calibration. An intriguing
observation from the KITTI-360 dataset is that after pro-
jecting points onto the image, the lidar appears to ‘‘look’’
beneath vehicles. This phenomenon is due to the placement
of the lidar and the accessibility of those areas to the
device’s lasers (Fig. 9), and these areas are considered during
training.

V. CONCLUSION
In this paper, we have introduced a novel approach to
road surface segmentation, leveraging both annotated lidar
point clouds and traditional 2D image masks. Through
our pipeline, which includes point-cloud road annotations,
ground-truth data preparation, a segmentation neural network
and a uniquely designed masked loss function, we showed
how lidar-derived road masks can make neural networks
perform better in an image segmentation task. Our approach
uses fewer resources to annotate data from different types of
sensors with comparable quality.
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FIGURE 9. Comparison of lidar-based road ground truth for three setups placed from top to bottom: Waymo Open Dataset (five proprietary lidar
sensors [34]), KITTI-360 (Velodyne HDL-64E lidar [31]), Proprietary dataset (two Robosense RS-Helios lidars).

A notable advantage of our method is its flexibility. It can
combine 2D image masks with 3D point-cloud masks in
datasets during the training process. This versatility is very
valuable, particularly when manual annotations for both 3D
lidar points and images might be impractical (when the
datasets are very large). The method was tested using two
public datasets (Waymo Open Dataset and KITTI-360) and
one proprietary dataset, and the results were promising.
Performance of the model trained only on projected lidar
point masks was slightly inferior to the 2D mask-trained
model, but quality of the former was still high and was
comparable to that of the latter. Performance metrics of
the model trained on a combination of 2D masks and
lidar projections matched or even surpassed the traditional
2D mask model, emphasizing the potential of this hybrid
approach. Mixing experiments show that it is possible to
reduce the amount of images needed for training by 50% and
to increase the amount of projected 3D data without losing
quality of prediction.

Analysis of results from Waymo and KITTI-360 datasets,
indicates that lidar characteristics, such as point distri-
bution on images, range, and frequency, can influence
segmentation outcomes. This variability suggests that,
although lidar-based annotations are important, unique
attributes of each dataset, including hardware specifics

and environmental variables, should also be taken into
account.

Future studies could use different approaches. Enhancing
the size of projected lidar points may improve coverage, but
with some loss of accuracy. Generalization of masked loss to
the multi-class case could allow segmenting multiple classes
at once in various segmentation tasks. There is potential for
expanding data-fusion techniques, harnessing multi-camera
perspectives around a vehicle, and exploring diverse lidar
setups. Understanding the nuances between different lidars
is crucial, and there is a need to test our approach in
various conditions (winter and night-time scenarios, etc.).
Finally, new neural architectures that incorporate projected
lidar points as input require additional research, potentially
optimizing the combination of 2D image annotations with 3D
lidar data for enhanced segmentation.
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