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Abstract—The existence of large-scale datasets for various
autonomous driving tasks has created an increasing need for
more automated annotation processes. Especially for safety
critical tasks related to vehicle-pedestrian interaction, detailed
and time-consuming human-made annotation is required, in
order to assure accurate perception throughout any type of
operating environment and for challenging conditions. In this
paper, we present an automated method for the annotation of
actions of humans crossing or not crossing the road. Firstly, we
utilize a highly-accurate 3D multi-object tracking pipeline that
combines RGB images and LiDAR data to extract the velocity
and direction of movement of each pedestrian in the surrounding
environment. A drivable area extraction neural network is then
utilized to segment the traversable area around the vehicle.
The correlation between the two above-mentioned components
in the 3D space provides an accurate indication, regarding the
pedestrian crossing or not-crossing the road ahead of the vehicle.
Our method is validated using a custom-made multimodal dataset
with an autonomous vehicle in various scenarios of a semi-
structured area. The auto-generated annotations are compared
directly with the human-made labels of multiple annotators and
showcase the effectiveness of our method to provide an accurate
indication about the human crossing the road action.

I. INTRODUCTION

The development of smart and autonomous vehicles has met
great advancements over recent years, however the safety of
all traffic participants cannot be guaranteed throughout the
diverse traffic conditions in challenging operating environ-
ments. Various datasets have been introduced to support the
progression of AI algorithms for perception [1], safety [2],
path planning [3] and any other core autonomous driving
task, each one containing different types of data sources
[4] [5] [6]. Towards the increasing need for safe operation
within urban environments, special focus has been given to
the awareness about the surrounding traffic participants, the
so-called vulnerable road users, through related datasets that
contain information about their crossing intention [7], crossing
action [8] and in general the interaction between vehicles and
pedestrians in public areas [9].

A common issue of all the above mentioned datasets is the
lack of standardization in terms of data format, data sources
and the annotation process followed [10]. Although the quality
and variety of autonomous driving datasets have significantly
increased in recent years, most datasets are designed for spe-
cific scenarios or contain certain task-specific labels [11]. Con-
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sequently, these datasets cannot be used by further research
or applications without the inclusion of necessary additional
data sources or annotations. For example, datasets that are
related to pedestrian crossing intention contain solely RGB
images and demonstrate critical vehicle-pedestrian interaction
scenarios. Even though such data could be valuable for other
tasks, e.g. multiple object tracking or trajectory prediction, the
absence of LiDAR data does not permit its further re-use and
development.

Recent initiatives on the mobility dataspaces [12] [13] [14]
focus on solving some of the above-mentioned issues through
the direct exchange of data between multiple data providers
and data users. The assurance of consistent data quality and
standardization across different domains and sectors is highly
needed, while the usage of a common data and annotation
format is vital for seamless data exchange processes. How-
ever, further research is still required on the data integration
pipelines, including the automated data labelling and harmo-
nization.

The level of detail in the annotation process of datasets
is highly critical to the advancement of learning-based au-
tonomous driving tasks, especially for safety-critical tasks,
such as the pedestrian crossing action and crossing intention
recognition. Such procedures require extensive human labour,
even with the advancement of annotation interfaces [11], while
this process might sometimes be considered ambiguous, due
to the biased human understanding, which is affected by fa-
miliarization with the rules of the road, signs, road delineation,
and other factors, as well as the cultural background and
geographical region.

In our work, we focus on the automated pedestrian ”cross-
ing” and ”not-crossing” label generation for autonomous driv-
ing datasets that contain both RGB images and LiDAR data.
Particularly, we combine a 3D multi-object tracking pipeline
with a drivable area extraction neural network, in order to
generate an accurate estimate regarding the pedestrian crossing
the road action. The analysis of the relation between the
pedestrians’ movement and the drivable region, under a rule-
based approach, is capable to provide a precise indication
regarding their crossing action in every type of environment,
regardless of the existence of traffic signs or marks.

The remainder of this paper is structured as follows: Section
II presents a state-of-the-art analysis for datasets of pedestrians
crossing and automated data annotation methods. Section III
describes each component of the proposed method in detail,
whereas in Section IV we evaluate the efficiency of our
method. Finally, Section V concludes the paper and outlines
potential directions of our research.
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Fig. 1. The architecture of the proposed automated annotation method.

II. RELATED WORK

Recently, semi-automated and automated annotation proce-
dures have emerged in the domain of autonomous driving
datasets. Specifically, DG-Labeler [15] constitutes a semi-
automated annotation procedure that utilizes depth information
to infer spatial relations of instances and compute the corre-
sponding masks for the task of multi-object tracking and seg-
mentation. In the context of 3D object automatic annotation,
MTrans [16] is a multimodal (RGB, 3D LiDAR) transformer-
based approach that segments the foreground/background,
densifies LiDAR point clouds, and regresses 3D boxes si-
multaneously from weak 2D bounding boxes. Consequently, it
diminishes the significant manual effort for 3D bounding boxes
annotation in LiDAR scans. Continuing with both 2D and
3D automated object detection and segmentation annotation
for vision and point cloud data, OpenAnnotate3D [17] and
OpenAnnotate2 [18] leverage Large Language Models (LLMs)
to perform automatic annotation in multimodal data utilizing
natural language prompts. Additionally, AIDE [19] constitutes
a framework that not only conducts auto-labeling for object
detection in images derived from autonomous driving, but
also curate the corresponding data based on vision-language
and large language models. The automated extraction of in-
formation about the position and locomotion of pedestrians
in video streams is described in [20], towards the evaluation
of pedestrian models. Regarding automation of high-level
cognitive elements in autonomous driving, the authors in
[21] present an offline automatic annotation process for lane
markings using LiDAR and odometry data. Moreover, TADAP
[22] establishes an automatic annotation process for drivable
area in images under winter driving conditions.

Nevertheless, most of the works regarding automatic an-
notation in autonomous driving data is focused on low-level
cognitive elements, i.e. 2D and 3D objects. Conversely, in
our work, we propose a strategy to facilitate automation in
more sophisticated perceptual elements in autonomous driving
data, namely pedestrian crossing action detection, easing the
generation of relevant data based on the vast amount of
classical autonomous driving datasets.

The topic of pedestrian crossing action detection from the

perspective of autonomous vehicles has been widely studied
by recent literature. JAAD [23] [24] is the first dataset that
has been generated to study the behavior of traffic partic-
ipants, mostly in urban areas. It combines both behavioral
and contextual information in the point of road crossing.
In the same context, PIE [25] introduced a more extensive
dataset with the necessary annotations for traffic objects,
pedestrians’ intentions, actions and characteristics, along with
ego-vehicle information. Moreover, TITAN [26] enhance 2D
bounding boxes annotations of scene agents with an extensive
list of pre-defined actions. Additionally, STIP [8] provides
pedestrians’ 2D bounding boxes along with the corresponding
”crossing” or ”not-crossing” the road action. Similarly, PSI [7]
focuses on the crossing intention, while taking into account the
temporal-dynamic state of the pedestrians. All of the above-
mentioned datasets have been annotated manually through a
common approach. Apart from lower-level visual annotations
for traffic objects and pedestrians in image data, higher-level
cognitive annotations for crossing intentions required extensive
human experiments. For this process, plenty of annotators were
assigned to watch multiple short-duration videos and respond
to specific questions regarding the intention of pedestrians to
cross the road. This process requires the occupation of multiple
humans, while the results are affected by the characteristics of
the annotators, e.g. their cultural background, driving skills,
etc. As a result, the generation of such datasets and the
evolution of pedestrian intention prediction is evolving in a
slow pace.

Despite significant advances in pedestrian action and cross-
ing intention detection, most existing methods predominantly
rely on deep learning approaches trained on specific datasets
with labor-intensive annotations. This reliance limits their
potential generalizability across multiple autonomous driving
datasets, weakening their applicability as unsupervised auto-
matic labelling procedures. Furthermore, these methods typi-
cally utilize only RGB data, which contrasts with the emerging
trend in autonomous vehicle datasets and methodologies that
leverage multimodal data. In contrast, our approach employs
deep neural networks for the detection of low-level perceptual
elements in autonomous driving, which have demonstrated



robust generalization performance across a wide range of
autonomous driving datasets.

III. PROPOSED METHOD

The overall architecture of the proposed method is depicted
in Fig. 1. The inputs originate from pedestrians’ tracking in
3D space and the extraction of the drivable region. The rest
of the pipeline contains the rule-based inference whether the
pedestrians are crossing or not the road and the corresponding
annotation. Each component is described below in detail.

A. Pedestrian tracking pipeline

Tracking of pedestrians refers to the assignment of unique
identifiers for each tracked object in 3D space between con-
secutive frames. The accuracy of this component is crucial for
the overall efficient operation of our method. To this end, we
propose a simple, yet effective, architecture which comprises
of state-of-the-art methods for LiDAR and image-based object
detection and tracking, which is depicted in Fig. 2. Each
object Oi is described by a 3D centroid Ci(x, y, z) and a 3D
bounding box Bi(l, w, h).

We use YOLOv8 [27] to perform pedestrian detection
on image data. In order to convert the image pixels that
correspond to a specific object into 3D space, we utilize the
registered 3D LiDAR data that have common field of view
with the image. Given the intrinsic matrix of the camera and
the extrinsic calibration matrix between the two sensors, each
point Pi(x, y, z) from the input point cloud is projected into
the image space p(u, v) using the following equation:

p(u, v) = Kintrinsic · [R|t]extrinsic · P (x, y, z) (1)

This allows the generation of distinct sets of points, each one
belonging to a different pedestrian, according to the values
of the corresponding image mask. A geometrical clustering
approach is then used in order to filter these points, remove
outliers and calculate the required 3D centroid and the 3D
bounding box of each object O2Di . For the rest of the paper,
these object will be referred to as 2D detections.

We also perform pedestrian detection directly on 3D data
using PartA2-Net [28]. This module operates on raw point
cloud data and extracts all detected pedestrians, O3Di , along
with the corresponding 3D centroid and 3D bounding box. For
the rest of the paper, these object will be referred to as 3D
detections.

The outcomes of the two above-mentioned detectors un-
dergo a fusion process, in order to reject duplicates in the
shared field of view area and ensure the most accurate repre-
sentation for each pedestrian. In general, we prioritize PartA2-
Net over YOLOv8 detections, due to the higher accuracy of
3D detectors irrespectively of the lightning conditions. The
fusion process is relatively simple and consists of the following
operation in the 3D space.

Initially, we remove duplicates between 2D and 3D de-
tections that refer to the same object. Specifically, when
C2Di(x, y, z) ∈ B3Dj (l, w, h), O2Di is removed and O3Dj

is appended to a new set of objects O. The duplicate check is

finally performed for all objects of O, so as to ensure that all
pedestrians are represented by a single object and there are no
overlaps, due to possible occlusions.

The subsequent step involves the tracking of the fused
objects, aiming to calculate their velocity and direction of
movement in 3D space. An online tracking method [29] based
on Kalman filter is used for this task. The main advantage of
this specific method is that it is capable of accurately tracking
objects in 3D space without any prior training or extensive
fine-tune of the method. For each object Oi, we obtain the
linear and angular velocity (v⃗i, ω⃗i), as well as the direction of
movement d⃗i.

B. Extraction of drivable area

The extraction of the drivable area is performed initially in
the image space. Following our prior work [30], we employ
a multi-task network, YOLOP [31], to generate a binary
mask for the drivable area. This semantic information is then
converted into 3D through the utilization of the LiDAR data.
Specifically, using the same transformation from Eq. 1, we
generate a set of 3D points R, which correspond to the drivable
region in 3D space. This format allows its direct comparison
between the drivable area and the tracked objects.

C. Rule-based inference of pedestrian crossing the road action

This component combines the information from the tracked
objects and the drivable area, in order to automatically suggest
an additional label for each pedestrian, regarding their action
of ”crossing” or ”not crossing” the road. Following the work
from [8], we consider that a pedestrian is crossing the road
when their absolute value of velocity is positive and their
position is within the road. It is important to note that when a
pedestrian enters the road region, the drivable area extraction
module calculates the drivable area surrounding the pedestrian,
as illustrated in Fig. 3.

Consequently, in order to infer the crossing action we per-
form a geometrical check regarding the pedestrian’s position
Ci(x, y, z) compared to the drivable area R in 3D space.
Specifically, we deposit the drivable region point cloud in a
K-D tree structure T and then we conduct a radius search
of 0.5m for the pedestrians’ centroid to determine its nearest
neighbors, denoted as ni, for the pedestrian Oi.

ni = {Rj ∈ R | ∥Ci −Rj∥ ≤ 0.5} (2)

Then we employ a heuristic threshold filtering (Eq. 3), to
determine whether the pedestrian is inside the road or not.

ni > 5 (3)

For the final inference of pedestrian crossing action, we
additionally check if the absolute value of linear velocity v⃗i
of the tracked pedestrians is positive.

|v⃗i| > 0 (4)



Fig. 2. The architecture of the proposed 3D multi-object tracking pipeline using LiDAR and RGB data.

Fig. 3. Drivable area extraction in the presence of a pedestrian. The drivable
area extraction module dynamically adjusts, computing the drivable area
surrounding the pedestrian.

IV. EXPERIMENTS

In order to verify the effectiveness of our method, we
performed a dedicated data collection using our autonomous
vehicle in the semi-structured premises of CERTH. The exist-
ing pedestrian crossing datasets contained only RGB images,
making it impossible to use our method to reproduce the
existing labels. For this reason, it was not feasible to validate
our method in such a dataset. So we constructed a dataset
similar to most of autonomous driving datasets with a high
resolution 3D LiDAR, namely Livox HAP, facing forward, a
front-facing ZED 2 stereo camera, a GPS and an IMU. The
data collection was performed in an intersection, in a large-
scale area with no traffic marks and in an one-way road with
the pedestrians acting randomly.

During the data collection process, pedestrians were as-
signed to walk in the surrounding area of the vehicle and
either cross the street, walk in the non-roadside areas or
remain stationary. The dataset comprises of 100 randomly
sampled scenes that include both RGB images and 3D LiDAR
measurements. Within these scenes, there are 93 instances of
pedestrians not engaged in crossing actions and 81 instances
of pedestrians engaged in crossing actions. Once the data
collection was completed, we performed the data annotation,
in order to manually assign a label for each pedestrian that
appeared in the images as ”crossing” or ”not-crossing”. In
order to make this process accurate and follow the existing
literature on this topic, we followed the approach from [7].
Specifically, 5 people were assigned the task of annotation,
each one being totally neutral about the process of data

collection and the overall concept of pedestrian crossing in
the datasets. An average of the assigned labels was calculated
and through our validation, we aim to evaluate the accuracy of
our method to automatically suggest the labels of ”crossing”
or ”not-crossing”, as closely as possible to the humans’
perception.

A quantitative evaluation was initially performed to validate
the accuracy of our method utilizing the mean Average Preci-
sion (mAP) metric similar to the approach described in [32].
A detection was considered as true positive if the predicted
and ground truth bounding boxes share the same label and
the Intersection over Union (IoU) exceeded the thresholds
of 0.5 and 0.75, respectively. The results of the quantitative
evaluation are presented in Table I.

TABLE I
RESULTS ON CERTH DATASET.

values in % Overall mAP Not-crossing mAP Crossing mAP
IoU ≥ 50 82.21 75.56 88.86
IoU ≥ 75 71.19 56.06 86.32

In Fig. 4, indicative qualitative results of our methods
are depicted. The top row displays the results of our auto-
mated data labelling process, distinguishing between pedes-
trian ”crossing” and ”not-crossing” actions, while the bottom
row depicts the corresponding ground truth annotations. This
comparison illustrates the efficacy of our labelling method
in accurately identifying the pedestrian crossing action. In
general, our method annotates successfully in most of the
cases as it can been seen from both quantitative and qualitative
results. However, slight human verification and correction is
needed, as indicated by the mean average precision metrics.
This step is helpful for addressing undetected and erroneously
detected results, particularly in challenging conditions such
as distant pedestrians and occlusions. Despite this, the re-
quired annotation time remains significantly lower compared
to annotating from scratch. It is important to note that our
pipeline is characterised from high modularity, as it can
be further improved by the utilization of superior 2D and
3D detectors, drivable area segmentation models and object
tracking modules.



Fig. 4. Top row: qualitative results of our automated data labelling process for pedestrian ”crossing” or ”not-crossing”. Bottom row: ground truth.

V. CONCLUSIONS

An automated method for data generation of pedestrian
crossing actions was introduced in this paper. Specifically,
a simple yet effective pipeline for multi-object tracking in
3D space, using LiDAR and image data, was introduced. In
combination with a drivable area extraction neural network,
our method can distinguish between the ”crossing” and ”not-
crossing” pedestrians through the comparison of pedestrians’
velocity, position, and their relation to the drivable area. Our
method is validated on a dataset collected in the premises of
CERTH, demonstrating its effectiveness in generating reliable
labels similar to those human annotators would generate.
Further research is required in this domain, particularly in
extending this approach to additional tasks, such as predicting
pedestrian intention, while further sources of data could be
investigated to support such tasks.
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