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Abstract

In the narrow Intelligent Transportation System (ITS) band, avoiding wireless channel congestion is essential. Reporting vehicle kinematics
in the Cooperative Awareness Message (CAM) only when there are notable changes in vehicle dynamics is a standardized approach to reducing
bandwidth usage of periodic CAM messages that are exchanged between vehicles, and is called the CAM generation rule. However, in cellular
vehicle-to-everything (V2X) communication, aperiodicity due to frequent omissions of periodic CAM raises problems of resource waste and
instability in resource scheduling. The problem can be solved by reserving a resource only for actual CAM transmission times in the future.
This article demonstrates that a neural network-based scheme can predict the next CAM generation times at an average accuracy of over
94%, which can be utilized for resource reservation under the CAM generation rule.
© 2022 The Authors. Published by Elsevier B.V. on behalf of The Korean Institute of Communications and Information Sciences. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

In most countries, the bandwidth allocated for Intelligent
Transportation Systems (ITS) is typically no more than 30
MHz. Higher frequency bands such as the millimeter wave
band may be added in the future, but their propagation char-
acteristics differ from the currently allocated band at 5.9 GHz.
The transmissions in the high frequency bands are more easily
blocked and the effective reach is shorter, which raises the
question of their suitability for ITS’ most fundamental appli-
cation: safety communication. As it stands, the narrow ITS
band is expected to be shared by many different driving safety-
related messages such as Cooperative Awareness Message
(CAM), Decentralized Environmental Notification Message
(DENM), Collective Perception Message (CPM), and Maneu-
ver Coordination Message (MCM) among others. Assuming
that the installation of vehicle-to-everything (V2X) communi-
cation devices will soon become mandatory in new vehicles,
there is a pressing need for further progress to minimize non-
essential message transmissions and channel congestion in the
ITS band.
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Of all V2X messages, continuously transmitted CAM is the
most essential for ITS. It lays the foundation for cooperative
awareness between vehicles in close proximity and enables a
variety of safety-related applications such as Forward Collision
Warning (FCW) and Left Turn Assist (LTA). Because CAM is
broadcast continuously on all vehicles, it creates a significant
channel load. For this reason, congestion control for CAM (or
Basic Safety Message (BSM) in the US) has been standardized
on the access layer since the early days of V2X communica-
tion [1,2], not to mention numerous other congestion control
algorithms proposed so far.

In contrast to many congestion control algorithms for the
access layer, there is only one that is designed for the facilities
layer. It is the CAM generation rule, standardized in Euro-
pean Telecommunications Standards Institute (ETSI) National
Standards (EN) 302 637-2 [3]. Essentially, the rule allows
the vehicle to transmit a CAM only when it is necessary for
neighboring vehicles to track its movement by suppressing
a periodic CAM that only reports minor vehicle dynamics
(moving less than 4 m or turning less than 4◦ or accelerating
less than 0.5 m/s since the last CAM transmission). It can be
shown that this facilities layer congestion control mechanism
that is more effective than any existing access layer congestion
control mechanisms. For instance, McCarthy et al. [4] claim
that it maintains the load under 20% in all vehicle densities,
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Fig. 1. Problems caused by CAM suppression at the facilities layer: dashed
arrows are reservations, small box = Sidelink Control Information (SCI),
arge box = Transport Block (TB), dotted boxes = suppressed packets.

wing to the reduced speed in traffic congestion that leads to
ess CAM messages generated by the positional change.

Despite the superb channel load suppression performance,
he problem of the CAM generation rule is that it does not fit
ell with the standard cellular V2X resource scheduling algo-

ithm on the access layer. The sensing-based semi-persistent
cheduling (SPS) algorithm for New Radio (NR) Sidelink

ode 2 is the standard algorithm to reserve a series of
ransmission resources for periodic traffic. In the absence
f the facilities-layer message suppression, the access layer
eriodically generates the CAM using the reservations made
t predefined resource reservation period (RRP). Even if the
AM generation rule operates on the facilities layer, the SPS
lgorithm on the access layer still makes periodic reservations
or a CAM in case they need to be actually transmitted.
hen, when an expected CAM is suppressed, it causes two
roblems (Fig. 1). First, the reserved CAM transmission re-
ource (e.g. Rx,y+δ) is wasted, where δ = RRP in slots that
annot be used by other vehicles because of the reservation
ublished in Rx,y . Second, subsequently unused resources
e.g. Rx,y+iδ, 2 ≤ i ≤ k) will be mistaken by other vehicles
s available. In case their (re)selection chooses one of these
esources, packet collisions may occur over the next few RRPs.
here is a newly added optional feature called grant breaking

n 3GPP Release 16 [5] that is designed to mitigate the packet
ollision problem under aperiodic traffic. Unfortunately, its
erformance can be even lower than the original SPS [4] due to
he increased unpredictability from more resource reselections.

In this article, we show that in real-life driving, CAM
ransmissions could hardly utilize the reservations made by the
PS algorithm and there were as many transmissions without

he protection provided by a reservation. It is because most
nter-CAM gaps in real-life driving is two or three times wider
he original RRP of 100 ms [6]. However, we show that the
AM generation times can be predicted with high precision.
pecifically, a Multi-Layer Perceptron (MLP) model that is

rained through real-life CAM traces can achieve an average
recision of over 94%. We believe that the prediction can be
everaged to make an explicit reservation at the next CAM
ransmission instant, avoiding resource waste and potential
acket collision problems.

The contributions of this paper are as follows. First, a MLP
odel is developed to only use the dynamics of the ego vehicle

s the input features without using those from neighboring
ehicles. This increases the robustness of the model because
t renders the prediction model independent of the vehicle

opology around the ego vehicle. Second, the prediction model d
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rovides high accuracy (95%), which can be leveraged to
ake most transmissions protected by a reservation. It also

pens a new possibility that the standard SPS algorithm can
inimize costly resource reselections upon the transmission

n the absence of a reservation.

. Related work

The inefficiencies due to the newly allowed traffic ape-
iodicity in 3GPP Release 16 are a major concern in the
ellular V2X communication. Bartoletti et al. [7] showed that
resource reselection can be forced, areserved resource can be
asted, or a latency larger than the packet delay budget can
ccur. If we cannot exploit the underlying message generation
ynamics, McCarthy et al. [4] argued that even the random
cheduling can outperform SPS as the latter is subject to
asting resources and potential collisions. They show that
sing Short Term Reservation (STR) [8] that was proposed
n 3GPP performs best by reserving a resource just before
he aperiodic transmission through a random access procedure.
lthough these can be valid approaches to pure aperiodic

raffic whose packet generation times are unpredictable, the
periodicity caused by packet-dropping CAM generation rule
s not totally unpredictable.

Lusvarghi et al. [9] proposed to predict the CAM generation
imes under the CAM generation rule. By using the k-nearest
eighbor (kNN) and the states of the ego vehicle and the
ehicle immediately in front, they show that they can predict
he next CAM generation times with more than 90% accuracy.
lthough their approach is similar to ours, there are differ-

nces. First, we only rely on the local information in the ego
ehicle. Since there may or may not be a preceding vehicle
n proximity of the ego vehicle, relying on other vehicles to
efine the input to kNN can be less robust. Second, we use a
ore efficient MLP representation than the kNN that may be

ifficult to use for real-time prediction.
Saad et al. [10] investigated the impact of sensing window

ize on the SPS performance for aperiodic traffic as produced
y the CAM generation rule. The authors used reinforcement
earning to find the optimal value of the sensing window size.
ur work parts from this work in that we do not consider

he reselections problem due to the untimely transmissions. In
act, we aim to minimize the reselections through accurately
redicting the next CAM transmission time and reservating a
esource there.

. Machine learning for CAM time prediction

.1. The CAM generation rule

Without the facilities-layer message suppression, the access
ayer periodically generates a CAM spaced at a resource
eservation period (RRP) given by the application. However,
t creates heavy channel utilization under high vehicle traffic
ensities. In Sidelink communication, the channel congestion
ay lead to packet collisions hence reduced communica-

ion reliability. In order to prevent this problem, the stan-

ard facilities-layer approach is to suppress the periodically
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ransmitted CAM that reports only minor changes in vehicle
inematics. Only upon major changes that can significantly
ndermine the tracking of the vehicle, CAM messages are
ransmitted as planned. Specifically, a CAM is generated by

vehicle if it has changed the heading by more than 4◦

e.g. during turning), the position by more than 4 m (e.g. dur-
ng cruising), the speed by more than 0.5 m/s (e.g. during
ccelerating), or time elapsed by more than 1 s since the
ast CAM transmission. The triggering conditions must be
hecked at least once every 100 ms [3] because a CAM may
e transmitted at up to 10 Hz.

The CAM generation rule significantly reduces the channel
tilization. To be shown later, most of the CAM messages
re generated when the position changes by more than 4 m
Table 2). Traffic engineering shows that as the traffic density
ncreases, the average vehicle speed decreases [11]. Without
he CAM generation rule, increasing vehicle traffic density will
roportionally increase the channel utilization. However, as the
ehicle movement is limited by the vehicle traffic congestion
n the road, the CAM generation rate by the position change
ondition is reduced. Consequently, McCarthy et al. [4] even
howed that at any given vehicle traffic density, the channel
tilization under the CAM generation rule stays at less than
0% of channel capacity.

.2. Real-life driving trajectories dataset

In order to accurately predict the next CAM instant, we
xploit the current vehicle dynamics information. It is because
he next CAM instant depends on which triggering condition
pplies next. Unfortunately, there are no public CAM traces
hat record both the CAM type and the time gap between con-
ecutive CAM messages so that we can use them for training
he neural network. Therefore, we generated our own CAM
races from real-life driving trajectories so that they contain
oth the CAM type and the time gap. For the trajectories,
e use the high-precision Electronics and Telecommunica-

ions Research Institute of Korea (ETRI) dataset that has
0 driving trajectories over two disparate driving paths as
hown in Fig. 2 [12]. Each trajectory has the time series of
ehicle positions of the data-collecting vehicle. Three of the
rajectories were collected on an urban circuit that has multiple
urns and traffic lights, whose map is given in Fig. 2(a). The
rajectories were produced with different driving directions.
he other seven trajectories were collected on a comparatively
traight path that spans suburban area, as shown in Fig. 2(b). A
yundai G80 was equipped with a GPS/IMU device (Spatial
OG Dual) positioned over the center of the rear axel. In
rder to correct the GPS error, Real-Time Kinematic (RTK)
as used with the horizontal and vertical position accuracy of
.008 m and 0.015 m, respectively. A vehicle position data
oint was recorded every 100 ms of the driving duration.

.3. Data preprocessing

Since the trace is simply composed of GPS coordinates
ecorded every 100 ms, we need to process it to obtain the
843
Fig. 2. Driving paths in Daejon, Korea, from where the driving trajectories
were collected.

input features. The time and position are given, but we need
to compute the heading and speed from two consecutive coor-
dinates. For the former, the two consecutive GPS coordinates
are first translated into radian, i.e., (x1, y1) and (x2, y2). Then,
hey are used to compute the bearing h as atan2(sin(y2 − y1) ·

os x2, cos x1 · sin x2 − sin x1 ·cos x2 ·cos(y2 − y1)). To compute
he position change ∆p from (x1, y1) and (x2, y2), we use the
ythagorean method. The instantaneous speed s is given by
ividing ∆p by the step size, i.e., 100 ms. Then the speed
hange (∆s) and heading change (∆h) for each data point are
btained from the difference from the previous one. Finally, we
un the CAM generation rule over the preprocessed entries. If
n entry satisfies the CAM generation condition, we assign a
abel as the time gap between the entry and the next entry that
ill generate a CAM. We collect only these labeled entries

or training the MLP. A snippet from the CAM trace is shown
n Table 1. The leftmost column is the check number. The
econd column is the time gap between the last CAM and
he current time, and other columns besides the last track the
ehicle kinematics since the last CAM transmission except the
ast column. The rightmost column is the reason for the CAM
ransmission. In the example snippet, most CAM messages are
riggered by the ∆p condition and/or the ∆s condition, but
ot by ∆h or by the 1-second timer expiry. Note that multiple
riggering conditions can occur at the same time, e.g. check
40 where both ∆p and ∆s exceeded their thresholds.

Although not as much as in McCarthy et al. [4], the CAM
eneration rule suppresses close to 70% of all CAM messages
n the ETRI traces. Table 2 shows the composition of CAM
ypes that are produced after the CAM generation rule is
pplied. In this paper, all CAM messages involving speed
hanges as well as other triggering conditions are classified
s speed-change CAM messages. We notice that most CAM
essages are generated by the position change.
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Table 1
CAM trace generated from the ETRI trace (in part).

# ∆t [ms] ∆p [m] ∆s [m/s] ∆h [◦] Trigger

... ... ...
40 700 4.571 0.644 1.431 ∆p,∆s
45 500 3.568 0.525 0.388 ∆s
51 600 4.543 0.309 0.130 ∆p
62 500 4.194 0.421 1.086 ∆p
66 400 3.578 0.570 1.289 ∆s
... ... ...

Table 2
Five CAM types unfiltered by the CAM generation rule.

CAM type ∆p ∆s ∆t ∆h Other

Fraction [%] 83.27 9.51 6.32 0.89 0.01

3.4. Neural network model

The idea behind the proposed CAM prediction scheme is
that the vehicle kinematics is not random, but constrained by
the physics of the vehicle movement. The CAM generation
rule captures the kinematics and deterministically produces
CAM messages. Therefore, there must be an underlying pat-
tern, albeit complex, which a neural network (NN) model
can capture. Among NN techniques, we apply Multi-Layer
Perceptron (MLP) in this paper to predict the next CAM
generation time.

For the MLP model, we define the state of the vehicle at
each checkpoint that leads to a CAM generation as:

X = [∆t,∆p,∆s,∆h, γ1, γ2, γ3, γ4, γ5]

where γi (1 ≤ i ≤ 5) indicates the CAM trigger condition as
we saw in Table 1. The triggering condition is represented as
a 1-hot vector, where each trigger has a position in the order
of ∆s,∆t, −∆s,∆h,∆p. For example, a CAM generated
for a negative speed change of over −0.5 m/s is coded as
(γ1, γ2, γ3, γ4, γ5) = (0, 0, 1, 0, 0). On each CAM generation,
the vehicle state X is input to the MLP that outputs a prediction
Y. The output Y is the time prediction of the next CAM where
Yk (0 ≤ k ≤ 9) corresponds to (k+1)·100 ms. The MLP model
is shown in Fig. 3. It has input, output, and three hidden layers.
The employed activation function is ReLU. The size of the
model in terms of the occupied memory size is 246 kB. Each
classification operation takes approximately 3.9 ms on a PC
platform.

3.5. Training

To train the MLP model, we merge all entries of the 10
CAM traces produced from the 10 ETRI trajectories. We
shuffle the entries and split them into the training, validation,
and test sets with ratio 0.7:0.15:0.15. We used a batch size
of 40, and stopped training the model at 65th epoch. Adam
and cross-entropy are adopted as the optimizer and the loss
function, respectively. The initial learning rate was set to

0.001, which decays with γ = 0.8 at the step size of 10.

844
Fig. 3. MLP classifier for CAM generation time prediction.

Fig. 4. Training and validation losses.

After 65 epochs, the training loss was 0.139 where the training
accuracy was 95.1%. The validation loss was 0.186, where the
validation accuracy was 94.7%. These losses are depicted in
Fig. 4. The early stopping criterion was based on the validation
accuracy with the patience set to 30 epochs.

4. Performance evaluation

We assume that the standard SPS allocates a transmission
resource every 100 ms, some of which will be wasted due to
the CAM generation rule. Below, we count wasted resources
and unprotected transmissions (see Fig. 1), and compare them
in the standard SPS and the proposed scheme.

4.1. Prediction accuracy

The overall accuracy of the prediction against the test set
was approximately 95%, which is comparable to the training
accuracy. The high accuracy means that the resource reserva-
tion based on these predictions will be able to cope with most
aperiodicity caused by the CAM generation rule. Fig. 5 shows
the confusion matrix. Most time gaps between CAM messages
are concentrated on 200 ms and 300 ms. This characteristic is
also observed in another real-life CAM traces from the CAR-
2-CAR consortium [6]. For them, prediction accuracy close to
97% is obtained. Larger time gaps are increasingly difficult
to predict. For 400 ms, the accuracy is 85%, and for even
larger gaps, they are slightly over 47%. The lower accuracies
mainly stem from the scarcity of training samples. At the
largest gap of 1000 ms (i.e., CAM generated by the 1-second
timer expiry), however, the prediction accuracy is 99.4%.
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s

Fig. 5. Confusion matrix for the MLP model test result; 0-values are not
hown.

Fig. 6. Comparison of SPS and proposed schemes in terms of resource
wastes and unprotected transmissions.

4.2. Wastes and packet collision-risking transmissions

Fig. 6 compares SPS with the proposed scheme that we
call ‘PredictResv’ where a resource reservation is made where
the MLP model predicts. For each scheme, the figure presents
four fractions: (1) suppressed CAM messages at unreserved
resource locations (‘NoResvNoCAM’), (2) transmissions pro-
tected by a reservation (‘ResTx’), (3) transmissions not pro-
tected by a reservation (‘NoResTx’) and (4) resource waste by
reserving at an unused location. The result shows that few in
SPS are transmitted at a reserved location. This is because the
inter-CAM gaps are mostly 200 or 300 ms (Fig. 5). Gaps of
100 ms are less than 0.1% in our trace. The small fraction of
100 ms inter-CAM gap is also observed in the CAR-2-CAR
traces where it is only 2%–4% [6]. Moreover, for the same
reason, these unprotected packets also make as many unused
reservations at an RRP of 100 ms. In contrast, ‘PredictResv’
turns most of the unprotected transmissions into reserved
ones, protecting them from potential packet collisions. Only
for the small number of prediction errors do the unprotected
transmissions occur. Furthermore, resource wastes are all but
eliminated.

4.3. Discussion

The high accuracy that we obtain through the neural net-

work model opens a new possibility that SPS can reserve a
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resource with a dynamically changing time gap. It may well
replace the standard procedure that triggers a resource reselec-
tion upon a transmission in the absence of a reserved resource,
which is known to raise the packet collision probability in SPS
due to the lowered predictability of resource use patterns.

We could consider further improving the prediction accu-
racy by observing the patterns that more than 70% of the
prediction errors are either + 100 ms or −100 ms away from
the ground truth (Fig. 5) and speed CAM times are most
difficult to predict. Considering that the CAM generation rule
drastically lowers the channel utilization [4], we could afford
to selectively add provisional resource reservations. When the
speed CAM transmission takes place, the resource reservations
at ±100 ms of the predicted location can be made by using the
two resource pointers to reserve future resources as currently
studied in Release 17 [13].

5. Conclusion

The CAM generation rule on the facilities layer and packet
dropping on the access-layer are a promising approach to
coping with the channel congestion in future cellular V2X
communication. However, its aperiodicity problem must be
solved to avoid resource waste and potential packet collisions.
This paper shows that for most vehicle movements, prediction
accuracy of close to 95% as to the next CAM generation
time is possible through machine learning from the real-life
vehicle trajectories. Occasional prediction errors mostly stem
from vehicle speed changes, off by one check interval. The
proposed scheme could be utilized by scheduling so that a
resource at the next predicted time of CAM transmission can
be made for protected transmission while minimizing resource
waste.
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