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Abstract—Reinforcement learning (RL)-based collaborative
perception in vehicular networks chooses the sub-frame of radio
channel resources for connected autonomous vehicles (CAVs) to
exchange sensing data to enhance the perception performance,
but leads to inaccurate detection in the light detection and
ranging (LiDAR)-based object detection due to the asynchronous
scan period of the LiDAR point clouds. This paper proposes a
RL-based collaborative perception scheme to choose the transmit
power and sub-frame to share the feature maps extracted from
point clouds. Based on the estimated packet timestamp, the net-
work topology and the channel gains among CAVs, this scheme
enhances the perception accuracy and latency against path-loss
and interference. The collaborative risk in the policy distribution
is formulated as a weighted sum of the perception latency
and packet loss rate to avoid the time asynchronization and
information loss of the feature map exchange. The performance
bound of the perception accuracy and latency is provided based
on a Nash equilibrium of the cooperative game among CAVs.
Simulation results based on five CAVs show the performance gain
of the perception accuracy and latency over the benchmarks.

Index Terms—Collaborative perception, vehicular networks,
LiDAR, reinforcement learning.

I. INTRODUCTION

Collaborative perception by connected autonomous vehi-
cles (CAVs) enhances the performance to forecast motion
trajectory and detect obstacles beyond the line-of-sight, thus
improving traffic efficiency and road safety by detecting
pedestrians and vehicles behind large occlusions [1]-[3]. For
example, CAVs equipped with light detection and ranging
(LiDAR) sensors (e.g., Ultra-Puck) to capture the raw sensing
data such as point clouds at a frame rate of 5-20 Hz, and apply
convolutional neural network (CNN) to obtain the feature map
of the captured point clouds. The feature map is shared to the
neighboring CAVs that perform a feature fusion model such
as multi-head attention and self-attention [4], [5] to aggregate
the received feature maps to enhance the perception accuracy
and range over individual CAV.

CAVs share the feature maps via vehicular communications
such as reservation-based and reinforcement learning (RL)-
based resource allocation schemes [6]-[11]. For example,
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the seminal vehicle-to-vehicle (V2V) communication scheme
named DARP as proposed in [6] reserves a sub-frame of
radio channel resources for each CAV to exchange the feature
maps with a constant rate of 10 Hz. A RL-based sensing
data transmission scheme named ABFRL as proposed in [10]
exploits the deep Q-network algorithm to further optimize sub-
frame selection based on the bandwidth and vehicle locations
to enhance the perception reliability. However, these schemes
are hindered by high latency and packet loss rate (PLR) that
result in the low perception accuracy due to the asynchronous
LiDAR scan periods by CAVs.

In this paper, we propose a RL-based collaborative percep-
tion for LiDAR-based object detection in vehicular networks,
which exploits the CNN to extract feature maps from point
clouds and chooses the transmit power and sub-frame to share
the feature maps with neighboring CAVs against path-loss and
interference. A channel-wise self-attention-based data fusion
mechanism is leveraged to aggregate the received feature maps
and thus enhance the perception accuracy.

Based on the estimated packet timestamp of the feature
maps, the network topology and the channel gains, this scheme
formulates the RL state to maximize the expected long-term
discounted utility (i.e., Q-values). In addition, the average la-
tency and PLR are exploited to evaluate the risk of perception
accuracy degradation, thus avoiding choosing the vehicular
communication policy that fails the feature sharing against
path-loss and interference to improve perception accuracy. The
computational complexity of the proposed scheme increases
linearly with the number of power levels and sub-frames.

We derive the upper performance bound of the collaborative
perception based on the Nash equilibrium of the cooperative
game, which shows that the collaborative CAV tends to share
the feature map in the nearest sub-frame with the maximum
transmit power to minimize the latency to enhance the per-
ception accuracy. Simulations were performed based on the
feature fusion model in [12] and a simulated multi-vehicle
perception dataset for autonomous driving in [13]. The results
show that our proposed scheme enhances 17.1% average per-
ception accuracy and decreases 67.3% latency in the LiDAR-
based object detection compared with the benchmark in [10].

The structure of this paper is organized as follows: Section
I reviews related work. Section III introduces the system
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model. The RL-based collaborative perception scheme is
detailed in Section IV, with performance analysis in Section
V. Section VI discusses simulation results, followed by the
conclusion in Section VII.

II. RELATED WORK

Collaborative perception in vehicular networks enables
vehicles to overcome the physical limitations of onboard
sensors such as line-of-sight sensing range by sharing the
perceived information with neighboring vehicles [14]-[16].
For instance, the collaborative perception scheme based on
V2V communications in [14] designs a spatial graph neural
network to fuse the feature maps received from neighboring
vehicles to improve the motion forecasting performance. An
infrastructure-assisted object detection scheme in [15] exploits
the motion trajectories of moving vehicles to mitigate the
impact of asynchronous data frames of the point clouds due
to the transmission latency to improve perception accuracy.

The performance of multi-agent collaborative perception in
large-scale networks is restricted to the scarce transmission
bandwidth that results in network congestion and high mes-
sage latency. In [17], a three handshake-based collaborative
perception scheme is proposed to enable the target robot to
determine the most valuable collaborative robots based on the
compressed request messages, thus improving the perception
capabilities and reducing bandwidth requirements. A spatial
confidence map is built in [4] to compress the redundancy of
feature maps, which enables agents to share spatially critical
information to save bandwidth usage and improve robustness
in collaborative object detection tasks.

V2V communication protocols have been studied to reduce
transmission latency and improve communication efficiency
[6]-[9] for vehicular latency-sensitive applications. For exam-
ple, a positioning error threshold-based vehicular broadcasting
protocol is proposed in [7], in which each vehicle chooses
a specific error threshold to determine whether to broadcast
the message based on the position estimation accuracy to
enhance reliability and scalability. In addition, a reinforcement
learning-based resource allocation scheme in [9] chooses
transmit power and channel based on channel gains and
interference level to reduce transmission latency.

III. SYSTEM MODEL
A. Task Model

CAVs share feature maps of point clouds to upgrade the
perception capacities such as expanding sensing range and
enhancing detection accuracy to support autonomous driving
applications, such as collision avoidance and path planning.
As shown in Fig. 1, collaborative CAV i € N/ = {1,2,..., N}
equipped with LiDAR captures point clouds with f;-Hz, and
further quantizes the point clouds into a bird-eye view X fk)
via voxelization operation at time slot k. The feature map FZ-(
with dimension H x W x C'is extracted by the CNN that is
composed of four blocks with convolutions, rectified linear
units activation function and batch normalization, in which

CAV 1

Performance feedback
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Feature map g CAV i at location L

Capture point clouds

Voxelization H%H
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Fig. 1. Overview of collaborative perception, in which each
CAV performs object detection by aggregating the received
feature maps to enhance perception accuracy.

H, W and C are the height, width and number of feature
channels.

Ego CAV leverages a feature channel-wise self-attention
data fusion mechanism based on the normalized matrix-valued
weights as presented in [12] to aggregate both the ego and
received feature maps to produce the updated representation
H® taking the time duration d3, i.e.,

H® — Z "Vi(k) ® ‘Fi(k) I ONCY 20N (1)
ieN

where © symbolizes the dot-product operation, Wi(k) and
W) denote the collaboration and self-attention weights,
which are the trainable matrix for representing the importance
of each spatial region among the ego and received feature
maps. Note that in perception tasks, all the CAVs play dual
roles as both ego and collaborative agents, each taking on
different responsibilities, i.e., share or aggregate the feature
maps to enhance the perception performance. The output CNN
up-samples the feature representation H(¥), classifies the
foreground-background categories and regresses the bounding
boxes to generate perception results z(%),

As shown in Fig. 2, each time slot with 7" seconds for the
collaborative object detection consists of a policy selection
period with duration §; to choose the transmit power and sub-
frame, the feature sharing period with duration 5 that consists
of M, sub-frames and the data fusion period with duration d3
to aggregate all the feature maps via Eq. (1). CAVs in the
policy selection period estimate the packet timestamp fl(-k) of
the feature maps based on the length of each time slot 7" and
the LiDAR scan period f;, given by

)
fi

where |-] is the floor function.

£ = +tFVieN, @
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Fig. 2. Timeline of collaborative perception, in which each
time slot with 7" seconds consists of a policy selection period
for N CAVs to choose vehicular communication policy based
on RL, a feature sharing period with M5 sub-frames to share
the feature map of point clouds and a feature fusion period to
aggregate all the feature maps.

B. Communication Model

The communication channel time is divided into frames
with duration 05 for feature sharing that consists of My sub-
frames with equal duration as shown in Fig. 2. Collabo-
rative CAV ¢ located at Lgk) chooses the transmit power
pgk) € A; = {jP/M;|0 < j < M} and one of the sub-
frames mg ) e A, ={1,2,..., M5} to share a D-bits packet
containing the feature map Ek and the packet timestamp
tz(-k). Upon receiving the packets, ego CAV aggregates the
feature maps via a channel-wise self-attention mechanism to
evaluate the perception accuracy p'*) based on the perception
results z(®), calculates the latency Ti(k) of the packet and the
PLR bgk) within n frames, and sends back these performances
to collaborative CAV ¢ via acknowledgment packet.

The channel gain hl(»k) between the ego CAV and collabo-
rative CAV ¢ depends on the path-loss and the shadow fading
X, given by

W = ho + 1001gd® + X, 3)

where A and hg are the path-loss exponent corresponding to
the communication distance dgk) and reference path-loss, and
X, follows a zero mean Gaussian distribution with standard
deviation o. To successfully decode the received packets, the
signal-to-interference-plus-noise-ratio (SINR) needs to exceed
the threshold 7, corresponding to the specific modulation
mode. Without confusion, we will omit superscript & and
subscript ¢ in the following for simplicity.

IV. RL-BASED COLLABORATIVE PERCEPTION IN
VEHICULAR NETWORKS

We propose a RL-based collaborative perception scheme
(RLCP) for each CAV to choose the transmit power and
sub-frame to share the feature map and further exploit a
self-attention-based data fusion mechanism to aggregate the
received feature maps to enhance the perception accuracy in
LiDAR-based object detection. A weighted sum of average
latency and PLR is exploited to evaluate the potential policy
risk to avoid perception performance degradation.

Algorithm 1: RL-based collaborative perception in
vehicular networks

1: Initialize 3, 0, c1, co, &1 and &o.

2. fork=1,2, .., K do

3:  Extract feature map F' from LiDAR point clouds
Estimate the packet timestamp [t}-]i Y via (2)
Obtain locations [L;];. s and channel gains [h;];c
Formulate s(*) via (4)
Input s%) to the top level
Obtain Qr (s(k),p’) and Et (s(k>,p’)
Formulate policy distribution 7 via (5)
10:  Select p based on 7y
11:  Formulate §%) = [s(¥) p| for the lower level
12:  Formulate 7y, via (5)
13:  Select m based on the policy distribution 7rp,
14:  Share F' with the transmit power p at sub-frame m
15:  Receive 7, b and p from ego CAV
16:  Evaluate u*) via (6)
17:  Evaluate risk level »(*) via (7)
18:  Update Q-value via Bellman equation
19:  Update E-value via (8)
20: end for

R A

As shown in Fig. 3, in the policy selection period, a
collaborative CAV estimates the packet timestamp [fz] ieN of
the feature maps via Eq. (2), and obtains the network topology
[Li];c»c and channel gains [h,],;c 5 to formulate the state s(*)
as follows,

S(k) = [Llhe,/\[a [tAi}iGNa [hZLeN ’ lbv T, b]a (4)
where p, 7 and b are the average perception accuracy, latency
and PLR, respectively.

Unlike the centralized RL that the state and action spaces
increase exponentially with the number of CAVs, the dis-
tributed two-level hierarchical RL decomposes the policy
into two sub-policies to improve learning efficiency. More
specifically, based on the state s(¥) as the input, the top level
of the hierarchical RL outputs the expected long-term reward
Qr (s(k), P ) for each state-action pair and the long-term
risk Er (s, p’) for evaluating the policy risk. A modified
Boltzmann distribution 77 given by Eq. (5) is then formulated
to choose the transmit power p € {jP/M;|0 < j < M;}.

Similarly, the state for the lower level is formulated by
8 = [s™™ p] to choose the sub-frame m € {1,2,..., M}
based on 7y, given by

exp (ij(:c(k), a) — E(sc(k), a))
Z exp (ij(:c(k)7a’) — E(w(k), a’)) ’

a’ €A

(&)

TT/L =

where ) € {s®) 5%} and a € {p,m}, and [)1<i<o
weighs the trade-off between the long-term reward and risk in
terms of power control and sub-frame selection, respectively.

In the feature sharing period, each collaborative CAV shares
the feature map F' to neighboring vehicles with the chosen
transmit power and sub-frame. Ego CAV exploits the channel-
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Fig. 3. Illustration of RL-based collaborative perception scheme, in which collaborative CAV ¢ chooses the transmit power
p€ Ay ={jP/M;]|0 <j < M;} and sub-frame m € Ay = {1,2,..., Ms} to share the feature map to the neighboring CAVs.

wise self-attention mechanism to aggregate the received fea-
ture maps via Eq. (1), further evaluates the perception accu-
racy p based on the perception results z, calculates the latency
7 and PLR b of the feature map sharing, and finally responds
these performances to neighboring CAVs in the feature fusion
period.

The utility u(*) is evaluated based on a weighted sum
of average perception accuracy p, latency 7 and PLR b as
follows,

u®) = p—ociT — cob (6)

Similar to [18], the Q-values in both top and lower levels
are updated via the Bellman equation. In addition, the average
latency 7 and PLR b are exploited to formulate risk function
r(®) which in turn are quantized into Cy and Cs levels with
the different penalty factors ¢; 1 and ¢; 2 associating with each
risk level yi;1 and p o respectively, i.e.,

Cl 02
r® =N "o T(F>ma)+ Y a2 (b>ma), (D)
=0 =0

where Z(-) represents the indicator function that returns 1 if
the argument is true and O otherwise. Finally, the E-values of
both top and lower levels are updated based on the previous
L steps of risk levels given by

L
Brp=Y_B'rt*h, ®)

=0

where [ weighs the importance of the previous risk levels.

V. PERFORMANCE ANALYSIS

According to [18], the computational complexity of RLCP
mainly relies on formulating the modified Boltzmann distri-
bution for choosing the collaborative perception policy. More
specifically, the hierarchical RL structure repeatedly chooses
the transmit power with M levels and one out of the M5 sub-
frames within K time slots based on the distribution 71,
which is formulated based on a weighted sum of the Q and
E values under the given state that is calculated by traversing
the sub-policy space A; and A, yielding the computational
complexity given by O(K (M + M)).

The upper performance bound of the collaborative percep-
tion in terms of the accuracy, latency and utility is provided
based on the Nash equilibrium of the cooperative game, in
which collaborative CAV i € AN chooses the transmit power
p; € {jP/M;|0 < j < My} and one out of the My sub-
frames m; € {1,2,..., My} to send the feature maps to
the ego CAV to enhance the accuracy with less latency and
PLR given by Eq. (6). According to [1], [19], the perception
accuracy decreases with the latency 7 = [7;]1<;<n and PLR
b = [b;]1<i<n, which can be denoted by p = F(7, b) with the
regression parameters © = [w;|i<i<ny and @ = [@;|i<i<n
for simplicity given by

N
F(7,b) = po— Y (w7 + pibi), )
i=1
where pg is the benchmark accuracy in the ideal transmission
conditions.

The latency and packet loss for sharing a D-bit feature map

depend on the SINR given by

pihi

N
> pihiZ(mi =my) + Ny
=110

yi = (10)

Without loss generality, the packet timestamp of the feature
map generated by CAVs is assumed to follow ¢; < --- < t; <
t; < -+ <ty < 01 + 62. Thus, the latency of feature map
sharing is given by
n D

Blogy(1 +7;)’
where ¢ is the modulation and coding rate. The packet loss at
each time slot is denoted by b; = Z(y; < o).

Ti:mi—ti+TI(mi<ti) (11

Theorem 1. The upper performance bound of the RL-based
collaborative perception is given by

D w0
P =po— wi([ti] —ti) — — (12)
2 B 2 oni + 55)
D
Tz* = |—tl—‘ 7 + Ph; (13)
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Fig. 4. Example detection performance of LiDAR-based collaborative perception, in which the red and green bounding boxes
represent the prediction and ground truth of vehicle locations, respectively.
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h>-——— 15
> 2= (1)
tj >(52/M2—|—ti (16)
Proof. See Appendix A. O

Remark: If the packet arrival time of the feature map
between any two CAVs surpasses the time duration of a
sub-frame given by (16), the feature map is transmitted in
the nearest sub-frame with the maximum transmit power
to minimize the latency given by (13). Feature maps are
successfully decoded if the minimum channel gain between
the ego and collaborative CAVs exceeds the threshold given by
(15) that depends on the minimum SINR requirement 7, the
maximum transmit power P and the power level M, yielding
the performance bound of utility and perception accuracy
given by (12) and (14).

VI. SIMULATION RESULTS

Simulations based on the aggregation model in [12] and the
autonomous driving dataset in [13] were performed to evaluate
the perception accuracy and latency that involves 5 CAVs to
share feature maps of point clouds in object detection. Each
CAV selects one out of the 10 sub-frames and transmit power
up to P = 100 mW with 10 levels to share the 250-KB feature
map. Based on the vehicular channel model as presented in
[20], the reference path-loss hg is 68.83 at distance dy = 1
m, the path-loss exponent A is 2.75 and the standard deviation
of shadowing o is 5.5. The received packet is successfully
decoded if the SINR exceeds the threshold vy = 15.

Each CAV optimizes the collaborative perception policy
with the learning rate o = 0.4 and discounted factor 6 = 0.3
to maximize the utility with coefficients ¢; = 0.1 and co = 2.
The policy distributions make a trade-off between the policy

quality and exploration risk with the weights & = &, = 10,
and the risk function in Eq. (7) takes ¢;; = ¢ = 0.5 to
evaluate the risk level based on both the latency and PLR that
are quantified into two levels with the threshold f;; = 50 and
1,2 = 0.1, respectively.

The LiDAR-based detection performance of proposed
RLCP scheme outperforms the benchmarks ABFRL in [10],
DARP in [6], and the single perception scheme as shown in
Fig. 4, in which RLCP scheme accurately detects neighboring
CAVs due to the lower latency and PLR for exchanging
the feature maps of point cloud frames (i.e., the bounding
boxes of vehicle prediction (red boxes) are well aligned
with ground truths (green boxes)). In addition, the single
perception scheme fails to detect the vehicles around the
bottom left corner due to the occlusions and limitation of
sensing range, and DARP fails to detect 5 vehicles due to
time asynchronization and information loss of the point cloud
frames by using the reservation-based sub-frames allocation.

The performance of collaborative perception in Fig. 5
averaged by 100 runs each with 5000 time slots shows that
our proposed scheme outperforms the benchmark in terms
of perception accuracy, latency and utility, in which the
perception accuracy is evaluated based on the Intersection-
over-Union threshold of 0.5. The accuracy of RLCP increases
from 62.2% to 84.7% over time slots due to the lower latency
of the feature map sharing, which decreases from 70.9 to 19.5
ms. In addition, our proposed scheme improves the perception
performance and communication efficiency compared with
ABFRL in [10] against path-loss and interference, which im-
proves 17.1% perception accuracy and reduces 67.3% latency
after 4000 time slots.

VII. CONCLUSION

In this paper, we proposed a RL-based collaborative per-
ception scheme for each CAV to choose the transmit power
and sub-frame for the feature map exchange to enhance the
perception performance. The upper performance bound of the
latency and perception accuracy is provided, showing that the
perception accuracy grows linearly with the bandwidth and
logarithmically with the maximum transmit power. Simulation
results based on five CAVs equipped with LiDAR sensors
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Therefore, we have the Nash equilibrium of the game that
the collaborative perception policy is maximized at [P, [t;]],
yielding the performance bound given by (12)-(14).
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(3]

(6]

(71

(8]

[91

) 0 1000 2000 3000 4000 5000 [10]
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(c) Utility (1
Fig. 5. Performance of the LiDAR-based collaborative percep-
tion over 100 runs, each with 5000 time slots.

[12]
to detect vehicles in town areas show the performance gain  [13]
over ABFRL [10] with 17.1% higher perception accuracy and
67.3% less latency. (14]

APPENDIX A
PROOF OF THEOREM 1
[15]
Proof: By (6), (9)-(11), if (15) and (16) holds, Vp; €
{jP/M|0 < j < M;} and ¥Ym,; € {1,2,..., M>}, we have
1 [16]
ulpimi) = po = 57 (e2 + Ne)) T < )
=1 [17]
X
i=1
Z c1 + Nw; "
logz (L+7) o
1 [20]
< po— N Zl (01 =+ NWz)([tl—l —t;)
N
D c1+ Nw;
- 5> — = u(P[t]) (17)
NB “ logy(1 + %)
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