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Abstract—Connected Autonomous Vehicles (CAVs) are

equipped with an array of sensors generating substantial data

streams whose real-time analysis often exceed the onboard

computational capabilities. While offloading these computational

tasks to edge servers is an established solution, such an approach

is increasingly challenging as multiple sensor streams need to be

fused and analyzed, and thus transferred over capacity-limited

and volatile wireless channels. To address this challenge, in this

paper we propose a “split computing” framework. Compared to

existing solutions that focus on individual sensor streams (and

most commonly cameras), our framework is designed for sensor

fusion neural models, and specifically camera and LiDAR fusion

for semantic segmentation. Our proposed framework optimizes

data transfer by eliminating pooling indices in favor of sending

LiDAR point cloud indices only to the final network block. We

remark how sensor fusion is instrumental to guarantee robust

operations in a broad range of conditions. By compressing the

data to be transported over the channel, our approach reduces

offloading latency, better utilizes CAV computational resources

compared to full offloading schemes and decreases channel load

in congested urban network scenarios. Our experimental results

demonstrate up to 62.74% improvement in task execution la-

tency for sensor fusion models, with at most 6.61% performance

trade-off due to compression.

Index Terms—Connected autonomous vehicles, LiDAR seman-

tic segmentation, sensor fusion, split computing, task offloading

I. INTRODUCTION

The rapid advancement of Deep Learning (DL) is trans-
forming Intelligent Transportation Systems (ITS), with Con-
nected Autonomous Vehicles (CAVs) representing one of the
most promising applications. High-performance, low-latency
perception remains a critical challenge for CAVs [1]. While
DL models have emerged as state-of-the-art solutions for
perception tasks [2], their complexity combined with massive
data generation makes real-time on-CAV computing increas-
ingly challenging [3].

This work was supported by The Slovak Research and Development
Agency project no. APVV SK-CZ-RD-21-0028, APVV-23-0512, the Slovak
Academy of Sciences project no. VEGA 1/0685/23, and the US National
Science Foundation under grant CNS 2134567 and CCF 2140154.
Part of the Research results were obtained using the computational re-
sources procured in the national project National competence centre for high
performance computing (project code: 311070AKF2) funded by European
Regional Development Fund, EU Structural Funds Informatization of society,
Operational Program Integrated Infrastructure.

To address these limitations, Vehicular Edge Computing
(VEC) enables CAVs to offload computationally expensive
tasks to edge servers [4], supporting advanced capabilities
in vehicle networking [5], localization [6], and collaborative
perception [7]. However, complete offloading underutilizes
CAVs’ computational capabilities. Split computing [8] offers
a more balanced approach for CV tasks, strategically dividing
computing load between CAV and edge server, reducing
latency in adverse channel conditions and increasing server
throughput.

A key challenge in split computing is identifying optimal
split points, as most generate extensive intermediate data [8].
Compression through autoencoder DL models [9] is well-
researched, though such methods are inherently lossy. Despite
existing work on split computing [10], a research gap exists
for CAV-specific tasks like LiDAR semantic segmentation,
which presents unique challenges compared to traditional
image segmentation.

While camera-based segmentation approaches have proven
successful [11], these single-modal methods face limitations
from varying luminosity and adverse weather [12]. Multi-
sensor fusion approaches offer more robust performance
across environmental conditions [12], but haven’t explored
task offloading through split computing to enhance CV model
execution speed.

In this paper, building upon the aforementioned split
computing research, we explore split computing models for
LiDAR and sensor fusion segmentation. According to [13],
sensor fusion can be categorized as early fusion, deep fu-
sion, or late fusion. We focus on early fusion, exploring its
characteristics and optimization opportunities. While CNN
encoder-decoder architectures effectively process sensor-fused
data, their pooling indices create substantial overhead in
split computing. We propose a modified architecture that
preserves sparse LiDAR point cloud position information
while minimizing data transfer by eliminating intermediate
dependencies and transferring only essential indices to the
final network block.

The main contributions of this paper can be summarized
as follows:

• The first design of a split computing model for LiDAR
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semantic segmentation task, featuring efficient recon-
struction through strategic LiDAR point cloud position
index transfer.

• A thorough analysis and evaluation of splitting strategies
for early sensor fusion.

• An extensive simulation campaign based on the
NuScenes dateset and wireless channel modeling us-
ing Hata path loss and Rayleigh fading demonstrating
the advantages of split computing compared to Edge
Server Only and CAV Only in system evaluation, while
also comparing LiDAR Only (Unpool), LiDAR Only
(Proposed), and Early Fusion (Unpool) approaches to
evaluate our model modifications. Notably different from
most contributions we consider a multi-vehicle system.

The remainder of this paper is organized as follows. Section
II presents the system model. In Section III, we formulate the
optimization problem. The proposed split computing approach
for sensor fusion is detailed in Section IV. Section V provides
experimental evaluation of our model. Finally, Section VI
concludes the paper.

II. SYSTEM MODEL

In this section, we describe our system model, showing
the pipeline between CAVs and an edge server . We have a
set of vehicles V = {v1, v2, ..., vNV}, each generating tasks
Zt,v = {z1,v, z2,v, ..., zNZt,v

} within time interval t. Each
task has specific computational requirements and data size
for offloading. A single base station with edge server serves
these vehicles.

Each task involves a DL-based CV model composed of
blocks B = {b1, b2, ..., bNB}. Each block is defined as
b = {Ib, dUL

c , N channels
b }, where Ib represents computational

requirements in Floating Point Operations (FLOPs), dUL
c is

the compressed output size, where output is compressed
following methodology in [9], and N channels

b is the original
number of feature channels. Parameter s 2 B represents the
split point in our CV model.

A. Communication Model

The data rate between CAV v 2 V and edge server is
calculated as [14]:

rt,v = N bit
t ⇢v

NRB

NV
R, (1)

where N bit
t is bits per symbol, ⇢v is the CAV’s code rate, both

determined by the modulation and coding scheme [15]. We
use Rayleigh channel fading [16] and the Hata path loss model
[17] for SINR calculations. NRB denotes resource blocks, NV
is the number of vehicles, and R is the available symbol rate.

Following [18], we consider a quasi-static channel with
static conditions during each offloading process.

The uplink and downlink latencies for task z 2 Zt,v are
given by:

tUL
z,c =

dUL
c

rUL
t,v

+ tUL
z,w, (2)

tDL
z =

dDL
z

rDL
t,v

+ tDL
z,w, (3)

where dUL
c and dDL

z are uplink and downlink data sizes
respectively, rUL

t,v and rDL
t,v are the respective data rates from

Equation (1), and tUL
z,w and tDL

z,w represent the corresponding
queuing delays [19].

B. Computing Model

Next, we present our computing pipeline. We define com-
putational requirements (in FLOPs) for CAV v 2 V and edge
server as:

Iv,z,s,c =
sX

b=1

Ib + Iencoder
c , (4)

Iz,s,c =
NBX

b=s+1

Ib + Idecoder
c , (5)

where Ib is the computational load of block b 2 B, and s is
our split point. Iencoder

c and Idecoder
c represent the computing

load of encoder and decoder for compression c.
Execution latencies on CAV and edge server are:

tCOMP
v,z,s,c =

Iv,z,s,c
⌘v

+ tCOMP
v,z,w , (6)

tCOMP
z,s,c =

Iz,s,c
⌘

+ tCOMP
z,w , (7)

where ⌘v and ⌘ denote computational capabilities in FLOPS,
and tCOMP

v,z,w and tCOMP
z,w represent waiting times. We implement

a FIFO queuing policy.

C. Total Latency and Performance Models

The total latency tz,s for a CV task is:
tz,s = tUL

z,c + tDL
z + tCOMP

v,z,s,c + tCOMP
z,s,c . (8)

For performance evaluation, we define several metrics.
With segmentation classes K = {k1, k2, ..., kNK}, the IoU
for class k 2 K is [20]:

µIoU
k,s,c =

TPk,s,c

FPk,s,c + TPk,s,c + FNk,s,c
, (9)

where TPk,s,c, FPk,s,c, and FNk,s,c are true positive, false
positive, and false negative points.

The mean IoU (mIoU) and Frequency Weighted mIoU
(FWmIoU) [21] are:

µmIoU
s,c =

P
k2K µIoU

k,s,c

NK
, (10)

µFWmIoU
s,c =

P
k2K(wkµIoU

k,s,c)

NK
, (11)

where wk is the weight based on class frequency.
Model accuracy is defined as:

µAcc
s,c =

N correct
s,c

N points , (12)

where N correct is number of correctly classified points and
N points is total number of points.
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Fig. 1: Architectural overview of early sensor fusion implementation highlighting five potential split points along the encoder
for split computing. The model comprises ten blocks with max pooling operations between encoder blocks and transpose
convolution layers for upsampling in the decoder part of LiDAR segmentation model.

III. PROBLEM FORMULATION

The overall goal of the system is to minimize the latency
under task performance constraints. We formulate our opti-
mization problem as follows:

min
{s,c}

tz,s (13)

s.t. s 2 B (13a)
1  c  Ns (13b)
µmIoU
s,c � µmin (13c)

µmin  µmax (13d)
tz,s  tmax (13e)

where constraint (13a) ensures the split point s is within B.
Constraint (13b) bounds feature channel compression between
1 and Ns. Constraint (13c) maintains performance above a
minimum threshold using mIoU. The minimum threshold µmin

must not exceed µmax per constraint 13d. Finally, constraint
(13e) ensures total latency remains below tmax.

IV. SPLIT COMPUTING FOR SENSOR FUSION

To solve the optimization problem from the previous sec-
tion, we leverage split computing to reduce data transmission
overhead through intelligent task partitioning.

We focus on LiDAR semantic segmentation, introducing
our complete pipeline in three parts: data pre-processing
(Section IV-A), model architecture (Section IV-B), and our
proposed split computing methodology (Section IV-C).

A. Data Preprocessing

Our LiDAR semantic segmentation pipeline fuses point
cloud data with camera images as illustrated in Fig. 1.

The raw point cloud undergoes voxelization, discretizing
3D space into uniform cells. Each voxel is represented by
seven features: 3D centroid coordinates, point density, and
3D eigenvalues characterizing local geometry. For detailed
voxelization process, see [22].

We project the LiDAR point cloud to the image plane
using camera intrinsic and extrinsic parameters similar to [23],
removing points outside the camera’s field of view.

Finally, we fuse image data with LiDAR data along the
channel dimension, combining three channels from the cam-
era with seven channels from the voxelized LiDAR repre-
sentation. Where LiDAR points are absent, tensor values are
set to zero. The resulting ten-channel tensor maintains image
dimensions and is resized to 224⇥ 224 resolution.

B. Model Architecture
Convolutional Neural Networks (CNNs), particularly

encoder-decoder architectures, are widely adopted for pro-
cessing sensor-fused data [24], [25]. These architectures typ-
ically transfer information from encoder to decoder such
as pooling indices or skip connections [26]. However, as
demonstrated in our results (Section V), pooling indices
generate substantial data volumes, making intermediate data
offloading impractical.

While some studies have explored architectures without
pooling indices for semantic image segmentation [27], this
approach poses unique challenges when used on LiDAR data.
The sparse nature of LiDAR point clouds, combined with
the loss of precise spatial information during downsampling
operations, makes it difficult for models to accurately recon-
struct point positions in the decoder without position infor-
mation. Unlike image data where interpolation approximates
missing spatial information, LiDAR point clouds require
precise position reconstruction. To address this, we propose a
modified architecture that eliminates the need for intermediate
decoder data transfer by employing transpose convolutions
for upsampling operations. The transpose convolutions learn
to predict spatial relationships, replacing the traditional role
of pooling indices. This allows the model to learn effective
upsampling strategies for data reconstruction: to maintain
precise point localization while minimizing data transfer, we
only pass point cloud position indices to the final network
block, as illustrated in Fig. 1. This approach is efficient as
the sparse nature of LiDAR data results in minimal position
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Fig. 2: Split computing architecture illustrating split point
between consecutive blocks s and s + 1, where s 2 B.
Intermediate data from block s is compressed by the encoder,
offloaded to the server, and reconstructed by the decoder.

indices, requiring significantly less data transfer compared to
full point cloud information or pooling indices.

C. Split Computing
As illustrated in Fig. 1, we introduce potential split points

after each encoder block, representing offloading points to the
edge server. Following [8], we split between blocks rather
than within blocks for optimal latency benefits. We limit
splits to the encoder portion of architecture shown in Fig. 1
since decoder splits would increase data transmission to the
CAV. For each split point s 2 B, features are compressed,
transmitted, decompressed, and processing continues from
block s+1. Architecture of a split point is depicted in Fig. 2.

Algorithm 1 Finding Optimal Compression Rate

Require: Initial channels cinit, Channel increment �c, Perfor-
mance improvement threshold ⌧ , Minimum performance
threshold µmin, Maximum channels Ns

1: c null
2: c0  cinit

3: µcur  �1
4: µprev  0
5: while c0 < Ns do

6: Train encoder and decoder model with c0 channels
7: µprev  µcur

8: µcur  performance of the model
9: if µcur > µmin

and µcur � µprev < ⌧ then

10: c c0

11: break

12: end if

13: c0  c0 +�c
14: end while

15: return c as optimal number of channels

To determine the optimal channel compression c for split
compression, we employ the elbow method [28], formalized
in Algorithm 1. This method identifies the point where
performance improvements diminish with increased channel
size, indicating that additional data offloading would yield di-
minishing returns. The algorithm requires several parameters:

initial channel size cinit, channel increment value �c, perfor-
mance improvement threshold ⌧ , and minimum performance
threshold µmin.

The algorithm begins by initializing variables (lines 1-4)
and enters an iterative process (line 5). The loop continues
while current channels c0 are below maximum channels Ns

(i.e., number of channels from the block s 2 B). Within each
iteration, we train the split compression model’s encoder and
decoder components using convolutional layers to compress
features from Ns to c channels, following an approach similar
to [9] (line 6). After training, we update performance metrics
(lines 7-8). We then check for two conditions: if current per-
formance µcur exceeds the minimum threshold µmin (ensuring
constraint 13c is satisfied), and if performance improvement
falls below threshold ⌧ , indicating we’ve reached diminishing
returns (line 9). If both conditions are met, we set our
channel compression c to c0 and break the loop (lines 10-
11). Otherwise, we increment c0 by �c (line 13). Finally, we
return c (line 15). If no configuration satisfies both conditions
throughout the process, the algorithm returns null, indicating
that compression should not be applied at this split point.

V. RESULTS AND EVALUATION

In this section, we evaluate: i) our proposed model modifi-
cation for split computing, ii) compression for split comput-
ing, and iii) latency improvements from adjusting simulation
parameters. Section V-A describes the model configuration
and simulation setup, followed by baselines in V-B. We
present evaluations of our LiDAR semantic segmentation
model modifications in V-C and channel compression in V-D.
Finally, we analyze split computing performance by varying
resource blocks nRB and CAV computational capability ⌘v .

A. Model & Simulation Setup
We evaluate LiDAR semantic segmentation on the

NuScenes dataset [29], restructuring it into 560 training, 140
validation, and 150 test scenes (using the original valida-
tion set). This restructuring supports our primary objective
of evaluating split computing effectiveness across different
split strategies rather than optimizing absolute segmentation
performance. Each scene contains 20-second keyframes at
2 Hz with multi-sensor data. Our early fusion model uses
LiDAR and camera sensors, with 17 segmentation classes
merged from the original 32 following NuScenes mapping1,
excluding the first class (non-essential objects) from metrics.

Models are trained for 50 epochs using cross entropy loss,
Adam optimizer (lr=0.001), and checkpoint saving based on
validation mIoU improvements. Our approach processes Li-
DAR data projected onto a single camera view but can extend
to multiple views through either independent 2D convolutions
or simultaneous 3D convolutions.

For compression networks at split points, we add a recon-
struction objective where features are compressed through an
encoder-decoder network. The reconstruction loss compares

1https://www.nuscenes.org/lidar-segmentation
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TABLE I: Simulation setup

Parameter Value
Number of resource blocks (NRB) 4000
Symbol rate (R) 2⇥109

Computational power of CAV v (⌘v) 1.5⇥1012

Computational power of edge server b (⌘) 75⇥1012

Number of tasks per t (NZt,v ) 50
Number of CAVs (NV ) 10
Number of simulation steps 3,000
Number of simulations 10

decoder output to original features using mean squared error,
optimized with Adam (lr=0.001).

Each simulation is averaged over 10 runs of 3000 steps for
statistical significance. Key parameters are shown in Table I.

Our wireless channel implementation calculates SINR us-
ing base station transmit power, Hata path loss (based on
CAV-to-base station distance), and thermal noise [30]. SINR
values are adjusted by Rayleigh channel fading, calculated
using Doppler frequency that accounts for CAV velocity and
transmission frequency. We sample Rayleigh fading at 1 kHz
to capture temporal signal variations.

B. Baselines
Our evaluation uses two baseline sets: one assessing model

modifications for split computing, another evaluating split
computing and compression strategies.

To isolate the impact of our architectural modifications for
split computing, we compare against different variants of the
base segmentation model:

• LiDAR Only (Unpool): Original architecture using un-
pooling indices in the decoder, processing only LiDAR
data.

• LiDAR Only (Proposed): Our modified architecture re-
placing unpooling with transpose convolutions, forward-
ing LiDAR point cloud indices only to the final decoder
block.

• Early Fusion (Unpool): Multi-modal approach fusing
LiDAR and camera data early in the network, using
original unpooling operations throughout the decoder.

Since no prior work exists for split computing in sensor
fusion, we evaluate against the following computational dis-
tribution strategies:

• Edge Server Only: Centralized approach where LiDAR
and camera data are directly offloaded to the edge server
(full offloading).

• CAV Only: Fully local approach where all processing,
including early fusion, is performed on the CAV (no
offloading).

C. Model Evaluation
Table II demonstrates the necessity of our proposed modifi-

cations for split computing, showing averaged data sizes with
an average input of 0.685 MB. We compare data transfer
requirements between traditional pooling indices and our
approach using LiDAR point cloud indices.

TABLE II: Data transfer sizes for different splits

Split Size with Pooling Size with LiDAR Point
Indices (MB) Cloud Indices (MB)

Split 1 9.63 3.23
Split 2 11.24 1.63
Split 3 12.04 0.82
Split 4 12.44 0.42
Split 5 12.34 0.12

Input size: 0.685 MB

Traditional pooling indices make offloading impractical,
requiring over 10 MB in most splits. Our approach using
transpose convolutions and LiDAR point cloud indices signifi-
cantly reduces data transferachieving up to 99.03% reduction.
Notably, splits 4 and 5 require even less data than the original
input (0.685 MB), making them promising candidates. These
requirements can be further reduced through compression
techniques explored in subsequent sections.

Fig. 3: Model performance (mIoU) µmIoU
s,c during 50 training

epochs: comparison between our proposed approach (Early
Fusion (Proposed)) and baseline approaches.

Fig. 4: Model performance across different metrics on test set:
comparison between our proposed approach (Early Fusion
(Proposed)) and baseline approaches.

Now, we evaluate performance of our proposed approach
(Early Fusion (Proposed)) against the baselines. As shown
in Fig. 3, our proposed approach achieves the highest perfor-
mance during training on the validation set, outperforming all
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baselines by a significant margin. Early fusion with unpool
operations (Early Fusion (Unpool)) achieves the second-best
performance, closely followed by our proposed architecture
using LiDAR data only (LiDAR Only (Proposed)). The base-
line using LiDAR only with unpool operations (LiDAR Only
(Unpool)) shows the lowest performance.

Notably, our proposed architectural modifications enable
the LiDAR-only approach to achieve comparable performance
to early fusion with unpool operations, demonstrating the
effectiveness of our proposed changes. Furthermore, our com-
plete proposed approach, combining early fusion with archi-
tectural modifications, achieves up to 41.6% improvement in
mIoU compared to the baseline methods on the validation set.

In Fig. 4, we present the evaluation results on the test set.
Our proposed approach (Early Fusion (Proposed)) not only
maintains its superior performance but achieves even higher
results compared to training, suggesting better generalization
capabilities. Specifically, the proposed approach demonstrates
a significant improvement in performance, achieving up to
35.2% better mIoU µmIoU

s,c compared to the baselines. This
improvement is consistent across all metrics, with notable
gains in FWmIoU and accuracy as well.

D. Channel Compression Evaluation
In this section, we evaluate compression strategies for split

computing, focusing specifically on the intermediate data
between blocks of our LiDAR semantic segmentation model.
We exclude the LiDAR point cloud data from compression
as it is inherently sparse, averaging only 0.02 MB in size.

Fig. 5: Feature channel compression c optimization across
different splits using Algorithm 1.

Fig. 5 illustrates the feature channel compression c applied
to different splits following Algorithm 1. For our compression
algorithm, we use mIoU as the performance metric with a
minimum performance threshold µmin = 0.3978, set to 90%
of the validation mIoU. We use validation mIoU to reflect
realistic conditions, terminating when performance change
falls below ⌧ = 0.001.

Table III demonstrates the impact of our channel compres-
sion strategy. For each split point, we compare the original
number of channels Ns and their corresponding data size

TABLE III: Channel compression impact on data transfer
sizes

Split Orig. Orig. Size Comp. Comp. Size Gain (%)Ch. Ns (MB) Ch. c (MB)
Split 1 64 3.23 24 1.22 62.23
Split 2 128 1.63 30 0.39 76.07
Split 3 256 0.82 36 0.13 84.15
Split 4 512 0.42 42 0.07 83.33
Split 5 512 0.12 60 0.03 75.00

with our compressed configuration using optimized channel
counts c. The compression achieves significant reduction in
data transfer requirements, with gains ranging from 62.23%
to 84.15%. Notably, all splits show substantial improvement,
with Split 3 achieving the highest compression ratio, reducing
the data transfer size from 0.82 MB to just 0.13 MB. These
compressions are achieved while maintaining the model per-
formance above our threshold, as shown in Fig. 5.

Fig. 6: Evaluation metrics µ comparison across different
LiDAR semantic segmentation model split points, demonstrat-
ing the impact of split location on model performance.

Performance of different split configurations with compres-
sion c, evaluated across multiple metrics µ on the test set, is
shown in Fig. 6. Results align with validation patterns, where
Split 1-Split 4 demonstrate consistent performance while Split
5 shows slight degradation. Split 1-Split 4 maintain strong
performance with only 2.27% to 2.48% loss compared to the
uncompressed model, while Split 5 shows a more notable
6.61% performance loss. This trend is consistent across all
metrics, demonstrating robust performance through Split 1-
Split 4, with Split 5 offering additional compression when
higher compression ratios are prioritized.

Simulations with parameters from Table I across different
strategies (Edge Server Only, CAV Only, and Split 1-Split
5) yield latencies shown in Figure 7. We exclude download
times as they are typically several magnitudes lower than
other latencies (ns versus ms). Later splits require more CAV
computation but less offloading time, consistent with Table
II. Split 1 shows the highest total latency tz,s at 20.44ms,
while Split 3 achieves the lowest at 8.56ms, suggesting up to
50.46% latency improvement compared to baselines. Split 1’s
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Fig. 7: Comparison of Processing Latencies Across Different
Strategies.

offloading latency could be reduced by adjusting channel size
c through the ⌧ parameter in Algorithm 1, though this would
reduce performance µ. The following section analyzes how
key simulation parameters affect different strategies.

E. Split Computing Evaluation

In this section, we evaluate split computing for the sensor
fusion model across varying resource blocks NRB and two
CAV computational capability configurations: ⌘v = 1.5⇥1012
and ⌘v = 2.5⇥ 1012.

Fig. 8 shows system behavior with CAV computational
power ⌘v = 1.5⇥1012 across resource blocks NRB from 2000
to 8000. Split 1 exhibits highest sensitivity to NRB changes,
aligning with Table III and Fig. 7, showing largest data sizes
and offloading latency tUL

z,c. Split 2 and Split 3 show moderate
sensitivity, while Split 4 and Split 5 remain relatively stable.
Split computing reduces latency by up to 62.64%, though
the Edge Server Only approach outperforms all splits after
resource blocks NRB = 6000.

The relationship between mIoU performance and dropped
tasks is evident in Fig. 8b and Fig. 8c, respectively. As
the number of dropped tasks decreases, mIoU performance
improves, with this effect being most pronounced in Split 1
due to its higher total latency tz,s.

Fig. 9 shows similar patterns to Fig. 8, but with increased
CAV computational capability ⌘v = 2.5 ⇥ 1012. While the
trends remain consistent, CAV Only total latency tz,s improves
significantly due to higher computational capability. Split 3,
Split 4, and Split 5 show the most pronounced improvements,
as they have the highest CAV computational latency CCOMP

v,z,s,c

as shown in Fig. 7. This enhanced computational capability
enables Split 3, Split 4, and Split 5 to outperform Edge Server
Only at NRB = 6000, while Split 2 and Split 3 still achieve
better performance at NRB = 7000 and comparable results
at NRB = 8000. Furthermore, at lower number of resource
blocks NRB, split computing outperforms baselines by up to
62.74%. For conciseness, Fig. 9 presents only latency results,
as the trends for model performance and task drop rate remain
largely similar to those illustrated in Fig. 8.

(a) Total latency tz,s analysis.

(b) mIoU performance evaluation µmIoU
s,c .

(c) Task drop rate analysis.

Fig. 8: System behavior analysis across different resource
block configurations with CAV computational capability ⌘v =
1.5⇥ 1012

VI. CONCLUSIONS

In this paper, we propose a novel approach to sensor fusion
for LiDAR semantic segmentation using split computing. Our
method leverages an encoder-decoder model architecture by
utilizing LiDAR point cloud indices instead of transmitting
other data, such as pooling indices or intermediate feature
maps through skip connections, to the decoder. This ap-
proach achieves better model performance while reducing
the data that needs to be offloaded to the edge server. Our
evaluation demonstrates that the proposed split computing
approach frequently outperforms Edge Server Only and CAV
Only strategies, although its effectiveness is highly dependent
on environmental conditions. Future work should focus on
developing strategy selection algorithms to determine the
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Fig. 9: Total latency analysis across different resource block
configurations with CAV computational capability ⌘v = 2.5⇥
1012.

appropriate split based on these conditions.
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