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Decentralized perception system with multiple viewpoints

Quentin Picard, Malo Morice, Maryem Fadili, Steve Pechberti
Institut VEDECOM; 23 bis Allée des Marronniers, 78000 Versailles, France

Abstract

Vehicle-to-Infrastructure (V2I) cooperation has emerged as a funda-
mental technology to overcome the limitations of the individual ego-
vehicle perception. Onboard perception is limited by the lack of in-
formation for understanding the environment, the lack of anticipation,
the drop of performance due to occlusions and the physical limita-
tions of embedded sensors. V2I perception in a cooperative manner
improves the ego-vehicle perception range by receiving information
from the infrastructure that has another point of view, mounted with
sensors, such as camera and LiDAR. This technical paper presents a
perception pipeline developed for the infrastructure, based on images
with multiple viewpoints. It is designed to be scalable and has five
main components: the image acquisition for the modification of cam-
era settings and to get the pixel data, the object detection for fast and
accurate detection of four wheels, two wheels and pedestrians, the data
fusion module for robust fusion of the 2D bounding boxes from mul-
tiple viewpoints, the object tracking to get the history of movement
for each object over time and the generation of perception message for
V2I communication. The infrastructure-based solution has been imple-
mented and demonstrated in real-world scenarios, including two differ-
ent intersections with up to six mounted cameras to cover an extended
area. The qualitative results show that detected objects have high ac-
curacy with similar performances between two different environments,
which proves the scalability of the solution. With a not optimized setup
for these first deployments, we observe for the whole pipeline an ex-
ecution time between 226ms and 256ms depending on the number of
objects to be fused in the map based on the processing of six cameras.

Introduction

Significant progress has been made for the onboard perception for the
last few years. Learning-based methods have become the state-of-the-
art for several perception tasks such as, object detection [1], bound-
ing boxes and segmentation masks for each instance of an object [2],
multiple object tracking [3]. The Vehicle-to-Infrastructure (V2I) coop-
eration improves the ego-vehicle perception range by receiving infor-
mation from other agents. The extended infrastructure point of view
to cover large areas allows to overcome the limitations of the onboard
perception that are characterized as follows: the insufficient environ-
ment perception information [4], the lack of anticipations, the drop of
performances due to occlusions and the physical limitations of onboard
Sensors.

Many challenges are tackled to build a robust V2I system [5, 6]. It
involves different kind of expertise, from the choice, the quantity and
the position of sensors, the used hardware, the communication network
architecture to retrieve the sensors stream and the wireless network to
use for V2X communication. In terms of decentralized perception, the
main challenge is to provide accurate and robust data that can be used
by the road users under different lights, weather and traffic conditions.
This represents a significant cost, when these challenges require a com-
bination of multimodal sensors, such as visible cameras and LiDAR.
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Figure 1: Implementation in real-world scenarios of the proposed decentralized
perception system in two intersections. In (a), six cameras have been installed
to cover an L-shape intersection. In (b), four cameras have been installed to
cover the second intersection. The bird’s eye view (BEV) maps are orthonormal
and downloaded from the IGN BD ORTHO® data. The perception system has
been tested in different weather conditions at different time of the day which
corresponds to a more or less dense traffic to accurately detect four wheels, two
wheels and pedestrians. The results are shown with coloured boxes with its
corresponding identification for each detected object.
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Figure 2: Proposed decentralized perception system with the process of multiple RGB cameras. It is designed to provide perception data to automated and connected
vehicles from the infrastructure that has an extended point of view through the use of V2X communication. The system is composed of five key components: data

acquisition, object detection, fusion, object tracking and V2X communication.

This article presents an implementation of a scalable decentralized per- eral parameters that allow the modifications of the received image, such
ception architecture for V2X perception. It includes the installation of as, the ping address, the required stream rate, the resolution and the
multiple cameras on the infrastructure to cover extended areas that are video codec. Once the raw content of pixels acquired, the matrix data
challenging for the ego-vehicle. The development of the perception is established and published is a ROS2-topic image format as shown in
modules from the data acquisition, the detection, the fusion, the track- Figure 3. It provides the timestamp of the created topic, the identifi-
ing to the V2X messages generation is detailed. The proposed solution cation, the height and width of the image, the encoding and the matrix
has demonstrated its performances in two different real-world scenar- data in 8 bits. The matrix data which contains the pixels to process
ios, including two intersections with multiple viewpoints as shown in feeds the object detection module.

Figure 1.

Object detection module
This paper is organized as follows: In section 3, the decentralized solu-
tion and its perception are described. The qualitative performances are
analyzed in section 4 with the implementation in real-world scenarios
as well as the measured real-time performances.

The accuracy, robustness and speed of the object detection processing
is essential for the rest of the pipeline, which relies on the quality of the
estimated bounding boxes. Object detection allows to detect, classify
and estimate the position of an object. In the context of this work, only
Decentralized perception system 2D bounding boxes are estimated. There are two types of paradigm,

one-stage and two-stage detectors. One-stage methods, such as SSD
(Single-Shot Detector) [10] and YOLO (You Only Look Once) [11]
use convolutional neural networks (CNN) for bounding boxes predic-
tions and the corresponding classification simultaneously. These meth-
ods have been developed for real-time performances but the accuracy
of detection is deteriorated for smaller objects. Recent works focus on
the trade-off between speed and accuracy but do not focus on the de-
tection performance only [12]. On the other hand, two stage detector

The decentralized perception system is based on image processing
from multiple viewpoints using N cameras as shown in Figure 2. It
is designed to provide extended perception data to the automated and
connected vehicles through the use of Collective Perception Message
(CPM) [7, 8]. The ROS2-based pipeline contains five main modules:
data acquisition, object detection, fusion, object tracking and V2X

communication. is mainly focused on the accuracy of the detected object rather than the
L computational complexity. For example, Fast-RCNN [13] and Faster-

Data acquisition module RCNN [14] employ a region proposal network to focus the classifica-

tion and bounding box detection on specific spatial location. This so-

e ST ~ lution provides high performances in terms of accuracy and high com-
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B e R bR ‘ classification and localization of the bounding box on the image. The
YOLOv4 model is used and contains three main parts [15]: the back-
bone, the neck and the head. In YOLO methods, the input image is
divided into grid cells and the backbone extracts the features of the
input image from convolution layers. The EfficientNet model is used

Figure 3: Data acquisition process to acquire the matrix data from the camera
using the MJPEG stream.

The data acquisition module has been developed for accessing cam- as feature extractor [16]. The latter uniformly scales network width,
era’s stream and make modifications of the sensor settings [9]. First, depth, and resolution with fixed coefficients from a compound scaling
the MJPEG stream is retrieved using the HTTP (Hypertext Transfer method. It allows to adapt the computational cost of the network based
Protocol) or RTSP (Real Time Streaming Protocol) protocol with sev- on the resources constraints. The neck improves the representation of



the extracted features with a multi-scale processing in a top-down path.
It is used to increase the accuracy of object localization in the image, to
detect small objects at different scale using a feature pyramid network
[17]. The prediction is performed at each scale of features to obtain
the classification and the position of object bounding boxes. The head
is the last part of the YOLO model which is responsible for the final
detection. It is an anchor-based processing that uses a non maxima
suppression to select the best bounding box among many predictions
for one object. The classification is separated from the position of the
bounding box and introduces independent logistic classifiers to reduce
the computation complexity by avoiding the softmax function. The
main contributions of the fourth version of YOLO is the introduction
of Bag-of-Freebies, which improves the detection by using data aug-
mentation and Bag-of-Specials, which includes the study of various
activation functions and different loss algorithms for bounding box re-
gression.

Training data are at the core of expected performances for object de-
tection. The developed system is decentralized using cameras mounted
in the infrastructure that provide top views of the scene. The detec-
tion model is trained using datasets that have been recorded with top
view data such as, the A9Dataset [18], Multi-View Traffic Intersection
Dataset (MTID) [19], VisDrone [20] and MOT20 challenge [21] for
pedestrians detection. The decentralized solution is designed to detect
three classes: four wheels, two wheels and pedestrians. Table 1 details
the class distribution in the training set by combining data from the
cited datasets. It contains 56% of four wheels, 14% of two wheels and
30% of pedestrians.

class prediction 4 wheels 2 wheels pedestrians
class distribution (#) 79324 20362 42336

Table 1: Class distribution for the training of the object detection algorithm.

The object detection module provides bounding boxes based on the
class distribution in the shape of a ROS2 vision message topic format.
It contains the timestamp, the confidence score, the position and size
of the bounding box. The module is entirely computed on GPU and the
number of process depends on the number of RGB cameras. If there
is not enough computational capacity available, one detection module
can process two cameras as seen with the dotted arrows in Figure 2.

Fusion module

Each estimated bounding box is in the corresponding camera’s image
frame. In order to take advantage of each object detection results, the
fusion module gathers all predictions from multiple viewpoints in the
same frame. It is designed as a two-stage process: First, the projection
of each bounding box to the new frame (Image to BEV frame) and
Second, the multiple objects fusion using a fusion method based on
the distance of the boxes centers.

Image to BEV frame

The projection of each bounding box resulting from the object detec-
tion of multiple viewpoints to new main frame is performed using the
homography matrix. The latter provides the transformation between
two planes, one from the camera and one from a BEV (Bird’s Eye
View) map. The BEV map is an orthonormal satellite image taken
from the IGN BD ORTHO® as shown in Figure 1. The projection ma-
trix is computed using nine points. Figure 4 (a) shows an example of
the manually selected points in the camera frame and in (b) the corre-
sponding ones manually selected in the BEV frame. In order to verify
the accuracy of each corresponding point, the root mean square error
is computed based on the estimated homography matrix. The error
for each points is also verified to identify the inaccurate correspond-
ing points. Then, the appropriate corrections are made to decrease the
pixel error as low as possible.

Figure 4: Example to compute the transformation matrix from one plane as the
image frame (a) to another plane as the BEV frame (b).

Multiple objects fusion

Once the projection done, all predicted bounding boxes from multiple
object detectors are in the same frame. Multiple techniques are used
to ensemble boxes [22, 23]. The Non-maximum Suppression (NMS)
is the most widespread method to fuse redundant boxes. The NMS ap-
proach takes into account the Intersection over Union (IoU) between
the highest confident predicted bounding boxes. If the IoU is beyond
a given threshold, the predictions are identified as one object and the
most confident one become the final detection. The NMS is widely
used for object detection because of the provided performances and
the simple use and implementation of the algorithm for real-time per-
formances. However, this fusion method leads to an aggressive sup-
pression of predictions that can be considered as true positive detec-
tions. The Soft-NMS [24] method proposes to replace the suppression
of low confident detections in NMS by reducing the detection scores
according to a decay function. This approach allows to reduce the sup-
pression of true positive detections but can be computational expen-
sive with a large number of detections (O(n?)). Other fusion methods
use weighted techniques, such as the Non-maximum weighted (NMW)
[25] and the Weighted boxes fusion (WBF) [26]. While the NMW uses
the IoU value to weight the fusion boxes, the WBF uses the confidence
score of all boxes to compute the fusion as a weighted average. The
latter provides better results than the NMS, Soft-NMS and NMW with
the mean average precision metric but is worse than the NMS when
a scenario provide a large amount of overlapping boxes with different
confident scores.

The proposed system is designed to incorporate multiple sensors with
overlapping point of view. As the projection by homography is not as
accurate as the transformation matrix [R|¢], the same detected object
from multiple sensors may not be accurately placed in the same spot.
This prevents the use of the IoU that is used in many fusion techniques
that consider an overlap of bounding boxes for the same object. There-
fore, an NMS-like is used by taking the distance between the center of



bounding boxes instead of the IoU. The fusion between two bounding
boxes is performed using the mean position in the map. The following
steps are followed to compute the fusion between multiple bounding
boxes:

Algorithm 1 Fusion algorithm based on the distance between centers

input: list of boxes with element in [xmin, ymin, xmax, ymax]
list of class IDs corresponding to each boxes
list of confidence scores corresponding to each boxes
list of camera IDs corresponding to each boxes
param maximum distance between centers of boxes (in me-
ters)
param conversion factor from meters to pixels
output: list of fused bounding boxes in [xmin, ymin, xmax, ymax]
list of fused class IDs
list of fused confidence scores
list of fused camera IDs
1/ convert the maximum distance in meters to pixels
2/ iterate through each box
3/ estimate the center of two bounding boxes
4/ compute the distance between centers
5/ fuse boxes if the distance is less than the maximum distance and
they belong to the same class
6/ the fusion result is the mean position of the selected boxes

The following modules are based on the fused bounding boxes that are
positioned in the BEV map.

Object tracking module

In order to track the fused objects over time, object tracking meth-
ods follow two main paradigms [27]: tracking-by-detection (TBD) and
joint detection and tracking (JDT). Both paradigms take into account
four process, the backbone for feature extraction, the object detection,
the object tracking and the data association. The TBD aims to detect
and track multiple objects as two independent tasks. Indeed, the track-
ing process takes into account the results of the detection [28, 3]. In [3],
a feature extractor is employed to increase the robustness of the track-
ing during data association. Despite real-time processing, the TBD
pipeline is not optimized due to the two-stage processing [27] and those
methods are limited by the occurrence of many false positives [29]. On
the other hand, the JDT paradigm simultaneously performs the detec-
tion and tracking in a single pass with a shared backbone [30]. How-
ever, the detection process does not take into account tracking cues that
are the crucial for a robust and accurate track over multiple frames [27].
Furthermore, sharing one backbone implies that the training loss of the
tracking and the detection must be compatible. The re-identification
process of one tracked object when it is lost focuses on intra-class vari-
ance whereas the detection aims to increase inter-class difference and
minimize intra-class variance [27, 31]. Despite being more accurate
than TBD methods, the computational complexity of the JDT is more
important which prevent real-time processing.

The proposed architecture implements the Simple online and real-time
tracking (SORT) algorithm [28]. This method belongs the the TBD
paradigm and has been selected due to its low complexity to implement
and for real-time processing. SORT uses bounding box to identify and
track multiple objects. The algorithm uses a Kalman filter [32] to pre-
dict the future state of an object and update it in terms of positions and
speed from observations. The Hungarian algorithm [33] used in SORT
is responsible of data association between consecutive images by tak-
ing into account the Mahalanobis distance. The latter measures the
standard deviation of the detection with respect to the average localiza-
tion of the tracked bounding box. The association algorithm solves the
assignment problem by minimizing the overall cost of the incorrect as-
sociation. This part has been improved by DeepSORT [3] which uses,
in addition of the Mahalanobis distance, a feature extractor for a deep
appearance descriptor of each detected object. This technique makes
the tracking process more robust but increases the computational com-

plexity.

The object tracking module provides the identification (ID), the posi-
tion and the speed of each tracked object. In addition, the orientation
0 is computed based on the v, and v, speed vectors respecting the
telecommunication standards of the ETSI report for V2X communica-
tion [7, 8].

V2X communication module

CPM
CPM content
CPM param
Header | generation perception data
delta time migitgaei:;?nt container | container
ID data

Figure 5: Collective perception message (CPM) structure used and defined by
the ETSI telecommunication standards.

As shown in Figure 2, the decentralized V2X communication mod-
ule is responsible for providing CPM messages to automated and con-
nected vehicles. To do so, a json file is generated and encoded to be
provided to the connected vehicles. This file contains the fields that
need to be filled following the telecommunication standards.

Figure 5 shows the implemented CPM structure. It is composed of
1/ the header that describes the protocol version, the message and the
station identifications. 2/ the generation delta time allows to repre-
sent the age of the CPM which corresponds to the difference between
the encoded one in the received CPM and the local one. 3/ the CPM
parameters contain the station type and the reference position of the
reference point in the map in the management container. Parameters
also define the perception data with the identification of the container
and the perceived object in the data. The latter includes the number
of perceived object in the encoded CPM and multiple information of
each object that are taken from the tracking module, such as, the ob-
ject ID, the distances, the speeds, the angle, the classification and the
confidence score.

Those information are written in a json file, which is encoded and trans-
mitted to the connected vehicles through a wireless network. In our ex-
periments, the connectivity was made through the 5G network. Then,
the decentralized perception data feeds the onboard perception that al-
lows to overcome limitations, such as occlusions with an extended cov-
ered area by the infrastructure.

Performance analysis

This section details the qualitative results of the proposed solution ac-
quired in real-world scenarios in addition of the measured real-time
performances.

Implementation in real-world scenarios

The decentralized system has been implemented in two intersections as
shown in Figure 1 (a) and (b) respectively. Figure 1 (a) illustrates the
use of six cameras to cover the intersection of an L-shape around the
parking lot. Figure 1 (b) illustrates the use of four cameras to cover an
intersection with multiple roads. In both figures, the results of the ob-
ject tracking is shown that relies on the fusion of the object detection in
each frame. The orientation and the speed of each object is highlighted
by the drawn arrow.

Figure 6 and 7 show the qualitative results of the object detection for
each cameras installed in the first L-shape intersection and in the sec-



ond one respectively, synchronized with the BEV map results. In Fig-
ure 6, the first two images corresponds to the site 22, the next three
images to the site 24 and the last one in the bottom right to the site 26.
Qualitatively, every relevant objects in the scene is detected with a high
confidence score in rainy conditions. In Figure 7, the site 430, 43_1,
43_2 and 43_3 corresponds to the top left, top right, bottom left and
bottom right images respectively. This intersection is denser and more
complex with lots of traffic and a large overlap between all installed
cameras. The qualitative results show high performances in terms of
detection in sunny conditions, even for small object in a dark area, as
it can be seen with the detected pedestrian in the top right image.

The fusion of the detected bounding boxes highlighted in Figure 1 (a)
and (b) mostly relies of the accuracy of the projection matrix and the
maximum distance parameter used to fuse multiple boxes based on
their estimated center. The latter has been set to 4 meters and 6 me-
ters for the L-shape and the second intersection respectively. Indeed,
a lower distance is favorable to avoid the duplication of pedestrians
detection, a higher distance is favorable for the fusion of four wheels
detection. Duplication of boxes in the fusion results have been noticed
in the second intersection with a low distance parameter for fusion
because of the large amount of overlap between the cameras and the
complex shared traffic between road users. Finding the right trade-off
is crucial at this stage to obtain the highest accuracy.

Real-time performances

acquisition detection fusion tracking CPM
latency (ms) | 170 30 7 6 13

Table 2: Average latency in milliseconds (ms) measured for each part of the
proposed solution, from data acquisition to the generation of CPMs.

Table 2 details the execution time of each part of the proposed pipeline,
from data acquisition to the generation of the CPM message. The la-
tency of 170ms for data acquisition corresponds to the time between
the moment when the sensors captures the light and the moment when
the image is received through an RJ45 connection with a resolution of
640 x 360. The used cameras are AXIS Q1798-LE and P1455-LE and
have been installed based on the configuration simulated in the AXIS
software with specific features, such as, height installation of 6 meters,
horizontal field of view or tilt angle in degrees. This camera operates
as a black box with internal processes through the image signal pro-
cessor. It prevents data acquisition with very low latency. The object
detection module is the only part to run on GPU using an NVIDIA
RTX AS5500. The measured latency from receiving the image to the
bounding box output is 30ms. One object detection process runs on
one available GPU. Multiple viewpoints require to process each im-
ages in real-time and the amount of compute is ideally proportional
to the number of installed cameras. However, only three GPUs were
available. Therefore, a buffer has been added that enables the detection
module to process two consecutive images from two different cameras.
This adds an average latency of 30ms per graphics card to process each
captured frame relating to the same scene. The rest of the pipeline is
processed on AMD EPYC 7763 CPUs. The average latency for object
fusion has been measured with 7ms per fused object. The complexity
is estimated to be O(n). The process of tracking with the SORT algo-
rithm is very low with 6ms and the generation of CPM messages in a
json format takes around 13ms. The mean execution time of the entire
pipeline is around 226ms to 256ms, depending on the number of object
to be fused, with a process comprising up to six cameras.

Figure 6: Object detection results for each installed camera in the L-shape in-
tersection. The latter is composed of six sensors to cover the roads of the inter-
section.

Figure 7: Object detection results for each installed camera in the second inter-
section. The latter is composed of four sensors to cover the entire area.

Conclusions and perspectives

This technical paper presents the decentralized perception system de-
signed to support the process of multiple installed cameras with dif-
ferent viewpoints for V2I cooperative perception. Each module of the
perception pipeline is described and developed to be scalable. Methods
from the literature has been identified and selected for each modules,
apart from the fusion one that proposes a new object fusion approach
that takes into account the distance metric instead of the IoU. The sys-
tem has been installed with different number of sensors in two intersec-
tions and has been tested in real-world conditions with automated and
connected vehicles to receive the decentralized perception data. The
performance analysis shows high accuracy in terms of detection with
a latency of around 226ms for the entire pipeline that is not optimized,
mainly due to the sensors.

One major perspective to reduce the latency is to change the used sen-
sor which alone causes 75% of execution time. Other perspectives are
planned, such as: 1/ the use of a transformation matrix between the
camera frame and the BEV one using a camera pinhole model instead
of the homography matrix. This would improve the accuracy of the
bounding box projection. 2/ With an accurate transformation from the
camera frame to BEV, the fusion method could take into account the
IoU value between the estimated objects, which is mostly used to pro-
vide the best accuracy as possible. 3/ The last perceptive aims to eval-
uate quantitatively the decentralized perception system which requires



the acquisition of a ground truth in the experimental intersections.
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