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Abstract. The increasing complexity of deep learning models like YOLO chal-
lenges the capabilities of low-cost edge devices in smart parking systems. To
address this gap, we propose a Split Computing architecture applied to vehicle
detection, where the neural network is partitioned between an edge client and a
central server. This design offloads intensive computation, reducing local infer-
ence time and resource usage while preserving model accuracy. We evaluated
distinct partitioning configurations, assessing computational costs and commu-
nication latency. Results demonstrate the solution’s effectiveness, highlighting
its scalability for multi-tenant environments and sustainability potential by en-
abling the repurposing of low-cost TV set-top boxes as functional edge nodes.

1. Introduction

The 2030 United Nations Agenda for Sustainable Development [Nations 2015] estab-
lishes a global mandate to transform cities into inclusive, safe, and sustainable environ-
ments. As part of this global effort, initiatives such as the “Smart Campus” at Unicamp'
are leveraging the Internet of Things (IoT) to foster more efficient and intelligent urban
infrastructures [Baggio et al. 2020]. One of the primary targets of these innovations is ur-
ban mobility, particularly the persistent challenge of parking management. It is estimated
that up to 30% of traffic congestion in urban areas is caused by drivers searching for
available parking spaces, a process that results in wasted travel time, increased fuel con-
sumption, and higher greenhouse gas emissions [Shoup 2021]. A cost-effective approach
to parking management involves vision-based smart parking systems, which employ cam-
eras and deep learning to monitor real-time availability. As documented in the Unicamp
parking project’s 10-year evolution [da Luz et al. 2025a], system effectiveness heavily
relies on the capability of these underlying models. Progressing from early architectures
like GoogLeNet to modern YOLO variants has substantially improved detection accu-
racy, with the latest deployment achieving 98.65% using a TensorFlow Lite YOLOvI11m
model [da Luz et al. 2025a].

However, this pursuit of accuracy has created a significant and pressing ’com-
putational gap’. While modern hardware such as the Raspberry Pi 5 is available, its
high cost often prevents large-scale deployment in urban infrastructures. Therefore, this
work focuses on low-cost edge devices, such as the Raspberry Pi 32. (released in 2016),

'https://smartcampus.prefeitura.unicamp.br/
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which better represents the constraints of legacy infrastructure and the reality of smart
city projects focused on the circular economy. These devices possess limited process-
ing power, 1GB of RAM, and often run on 32-bit systems, restricting compatibility with
modern software libraries. As documented in the 10-year evolution of the Unicamp park-
ing project, the 8-second inference time for the deployed YOLOv11m model pushes this
hardware to its operational limits, leading to increased resource utilization and energy
consumption [da Luz et al. 2025a]. When scaling to larger infrastructures, network stack
latency becomes critical, as the saturated CPU struggles to handle the communication
overhead required to synchronize data across distributed nodes. Furthermore, bandwidth
saturation arises as a bottleneck; the aggregate data volume from simultaneous video
streams causes severe network congestion, leading to packet loss and unpredictable de-
lays. This situation forces a difficult trade-off: developers must either sacrifice accuracy
by adopting smaller models or invest in more expensive hardware, neither of which is a
sustainable or scalable solution.

This research proposes bridging the identified computational gap by leveraging
Split Computing [Kang et al. 2017], a distributed inference paradigm derived from the
architecture originally proposed by [Gupta and Raskar 2018]. Instead of executing a
monolithic deep learning model on a resource-constrained edge device, Split Comput-
ing partitions the neural network into two segments. The initial, lightweight layers are
executed locally on the constrained device, while the resulting intermediate representa-
tions, commonly referred to as “smashed data”, are transmitted to a more powerful server
to complete the computationally intensive portion of the inference. This approach sig-
nificantly reduces the computational load, memory footprint, and energy consumption
on the edge, enabling the deployment o state-of-the-art models without requiring costly
hardware upgrades.

One possible solution to these gaps would be a distributed structure dividing client
processing with servers that have greater computing power. However, this introduces an-
other critical challenge focused on identifying the ideal “cut-off layer”, the specific point
in the neural network architecture at which the model is partitioned between the client
and the server. As [Marinova and Rakovic 2024] highlights, this decision involves a di-
rect trade-off between on-device computation and network communication [Yao 2023]:
cutting too late overloads the constrained device, while cutting too early forces the trans-
mission of large intermediate feature maps, increasing communication overhead and net-
work congestion.

Therefore, a central contribution of this work is the analysis of the
communication-computation trade-off through the evaluation of different cut layers and
three distinct model sizes. We assess these configurations to identify the optimal balance
that minimizes inference latency while maximizing resource efficiency on constrained
devices. By lowering these on-device computational requirements, our Split Computing
approach has immediate practical implications. It not only extends the viable lifespan of
existing hardware such as the Raspberry Pi 3, but it also unlocks the feasibility of using
ultra-low-cost, repurposed hardware. This includes devices such as the TV boxes seized
by the Federal Revenue Service, a potential application identified by the Unicamp Smart
Campus initiative [da Luz et al. 2025b, Sato et al. 2024].

The remainder of this paper is organized as follows: Section 2 provides the back-
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ground on Split Computing and the architectural concepts utilized. Section 3 discusses
related work in edge intelligence and distributed inference. Section 4 details the proposed
methodology, including the model partitioning strategy, communication security, and ex-
perimental setup. Section 5 presents the quantitative results regarding inference latency,
resource usage, and network payload. Finally, Section 6 concludes the study and outlines
directions for future research.

2. Split Learning and Split Computing

Split Computing forms the backbone of this work, serving as the architectural enabler
for deploying state-of-the-art deep learning models on resource-constrained edge hard-
ware [Eshratifar et al. 2019, Kang et al. 2017, Chakroun et al. 2021]. By shifting the ex-
ecution paradigm from monolithic local inference to a collaborative client-server work-
load, it overcomes the hardware limitations of low-cost devices such as TV boxes. Under-
standing this paradigm is therefore crucial to appreciating how the proposed framework
manages to bridge the gap between high detection accuracy and limited computational
power.

Split Learning (SL) is a distributed machine learning paradigm originally
designed to enable the collaborative training of deep neural networks (DNNs) on
resource-constrained devices without direct sharing of raw data. Introduced by
[Gupta and Raskar 2018], SL addresses a fundamental challenge in edge computing sce-
narios, where devices such as [oT sensors or the TV boxes used in this study lack the com-
putational resources, both memory and processing capability, required to execute large,
state-of-the-art ML models entirely on-device.

Unlike traditional centralized approaches that require transmitting raw data to a
powerful server, thereby raising significant privacy and bandwidth concerns, SL partitions
the neural network itself into multiple distinct sections. The fundamental operational flow
involves dividing a deep neural network into at least two partitions: a device-side model
(Head), which resides on the edge device, and a server-side model (Tail), which is hosted
on a central server. The point of division is referred to as the cut layer.

The process begins on the client device, which feeds raw data (such as images)
through the Head model. The device executes forward propagation only up to the cut
layer, producing a set of intermediate activations known as smashed data. This smashed
data serves as a compressed, abstract representation of the original input and is transmitted
over the network to the server. Upon reception, the server uses these activations as input
for the Tail model, completing the forward propagation to generate the final output (e.g.,
bounding box coordinates).

Since this work targets real-time inference rather than model training, only the
forward propagation phase is executed, and the paradigm is henceforth referred to as Split
Computing [Kang et al. 2017].

3. Related Work

Smart parking systems have increasingly adopted deep learning-based vehicle/parking
space detection at the edge to reduce latency and dependence on cloud connectiv-
ity. Recent work evaluates modern YOLO variants and region-of-interest strategies
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to improve robustness and scalability in real deployments, reinforcing that edge-side
vision is feasible, but still constrained by device compute and networking condi-
tions [P C P da Luz et al. 2026, da Luz et al. 2025a].

To overcome compute limitations, DNN execution is often partitioned between
constrained devices and capable servers. Early systems like Neurosurgeon pioneered
layer-level partitioning to reduce latency and energy by balancing local compute with
transfer costs [Kang et al. 2017]. Recently, adaptive approaches (e.g., Autodidactic Neu-
rosurgeon) learn optimal split points on-the-fly under changing network and server loads,
benefiting mobile or variable wireless environments [Zhang et al. 2021].

For complex object detectors, Matsubara and Levorato highlight practical bottle-
necks such as the large activation tensors produced by early backbone layers and the
sensitivity of end-to-end delay to where the split occurs [Matsubara and Levorato 2020].
Their later survey systematizes split computing and early-exiting as intermediate points
between fully on-device inference and full offloading, emphasizing the bandwidth/latency
trade-offs that dominate in real deployments [Matsubara and Levorato 2022]. For object
detection specifically, Chakroun et al. propose a distributed architecture for edge-assisted
detection and quantify the benefits and costs of distributing the pipeline across networked
resources [Chakroun et al. 2021]. Neduchal et al. provide a focused comparison of split
computing scenarios using YOLOVS as baseline, showing how architectural choices trans-
late into communication overhead and performance differences [Neduchal et al. 2024].

Scalability with multiple concurrent cameras/clients is another under-addressed
aspect in Split Computing for edge vision. In training-oriented split learning, sequential
client interaction is known to cause straggler effects and high end-to-end latency when
the number of participants grows; recent work proposes parallelization and resource man-
agement over wireless networks [Wu et al. 2023]. While our focus is inference, the same
systems bottleneck (shared server compute, uplink contention, variable radio conditions)
appears when many cameras stream to a shared edge server.

Existing Split Computing works for object detection typically emphasize single-
client optimization or static split points, and fewer studies connect the design to multi-
client scalability and MEC/5G-ready deployment assumptions. Our work targets this gap
by (i) experimentally characterizing the compute/communication bottleneck for YOLO-
based Split Computing in smart parking, (ii) analyzing multi-client contention at the edge
server, and (iii) structuring the system to be network-agnostic, laying the groundwork
for future evaluation under variable bandwidth conditions such as SG/MEC deployments.
Unlike prior works that assume homogeneous or simulated environments, our study is
conducted on real repurposed consumer hardware (TV boxes), directly validating the fea-
sibility of circular-economy deployments, a dimension absent from existing Split Com-
puting benchmarks for smart parking.

4. Split Computing Framework

This section details the proposed Split Computing framework, structured to address the
computational constraints of edge environments while maintaining high detection ac-
curacy. We first present the general solution architecture, which establishes a device-
agnostic blueprint for distributed inference. Subsequently, we describe the specific model
partitioning strategies and the experimental implementation used to validate this architec-
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ture in a real-world smart parking scenario.

4.1. Proposed Solution Architecture

To overcome the limitations of monolithic edge inference, we propose a three-tier hier-
archical architecture designed for campus-wide scalability. The system is composed of:
(1) the Edge Client, responsible for sensing and the Head Partition; (ii) the Fog Node,
which hosts the Tail Partition and local application logic; and (ii1) the Central Aggrega-
tor, responsible for global data visualization and system orchestration, where aggregation
refers to the consolidation of occupancy metrics from distributed edge nodes, and is not
related to model-parameter aggregation as in federated learning scenarios. As illustrated
in Figure 1, this architecture decouples the sensing and initial feature extraction from the
computationally intensive deep learning tasks.
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Figure 1. Smart Parking Application with Split Computing Strategy.

The workflow consists of the following modular components:

1. Data Acquisition & Pre-processing (Edge): The client device continuously captures
video frames from the connected camera. Basic pre-processing operations (resizing
and normalization) are performed locally to match the model’s input requirements.

2. Head Partition (Edge): Instead of executing the full neural network, the client runs
only the initial layers (the “Head”). This partition acts as a feature extractor, trans-
forming raw high-dimensional images into compressed intermediate representations,
referred to as “smashed data.”

3. Serialization & Transmission (Network): The smashed data is serialized into a bi-
nary payload and transmitted over the network boundary. This layer is designed to
be agnostic to the underlying transport technology, supporting diverse protocols (e.g.,
Wi-Fi, 5G, or Ethernet).

4. Tail Partition (Fog Node): A nearby Fog Node (FN) receives the payload, deserializes
the tensor, and feeds it into the remaining layers of the model (the “Tail”’), completing
the server-side forward propagation close to the data source.

5. Final Inference & Application Logic (Fog Node): The Fog Node generates the final
detection output (e.g., bounding boxes). Post-processing steps, such as Non-Maximum
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Suppression (NMS) and vehicle counting, are executed at this layer to centralize com-
plex logic and reduce the burden on the edge while keeping low latency.

6. Global Aggregation & Real-time Visualization (Central Server): The processed
occupancy metrics are forwarded to a Central Aggregation Server, which maintains a
campus-wide view and provides dashboards or external client applications with real-
time updates on available parking spots, completing the end-to-end service loop.

A critical advantage of this architecture is its inherent scalability. As depicted in
Figure 2, the system is designed as a one-to-many topology, where a single Server acts as
an inference aggregator for multiple distributed Edge Clients. By centralizing the most
intensive computing resources (Tail Partitioning), the system allows for cost-effective ex-
pansion of the sensitive mesh. In this way, new parking lots can be added simply by
deploying low-cost edge nodes, without the need for dedicated high-performance hard-
ware at each location.

Server

Client1 Client2 ClientN

Figure 2. Proposed scenario for a multi smart parking.

Crucially, the architecture is designed to be hardware-agnostic. By decoupling the
lightweight "Head’ partition, the framework supports a broad spectrum of edge devices
beyond the evaluated TV Boxes, including standard SBCs (e.g., Raspberry Pi) and accel-
erators (e.g., NVIDIA Jetson). This flexibility enables heterogeneous deployments that
allow operators to mix ultra-low-cost hardware with high-performance nodes based on
site-specific needs.

4.2. Privacy-by-Design and Data Obfuscation

The proposed architecture establishes an inherent layer of privacy, aligning with the
Brazilian General Data Protection Law (LGPD). By performing initial feature extrac-
tion at the edge, the system transmits only abstract representations, known as smashed
data. Unlike traditional surveillance systems that stream raw video, our server receives
only intermediate tensors that are visually unrecognizable to human observers or poten-
tial interceptors. This process ensures technical anonymization at the source, as sensitive
visual information (e.g., faces or license plates) is filtered before leaving the edge device,
fulfilling the principles of data minimization and security-by-design.
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4.3. YOLOVS Architecture

To evaluate the proposed architecture, we implement the three partitioning scenarios de-
fined by [Neduchal et al. 2024], as visualized in Figure 3. These configurations, referred
to hereafter as Early Split (ES), Middle Split (MS), and Late Split (LS), cut the YOLOvV8
architecture at varying depths within the model’s backbone. By selecting these specific
cut points, we aim to analyze the trade-off between the computational burden placed on
the TV Box and the bandwidth required to transmit the smashed data. These specific
layers were selected to create distinct scenarios of increasing computational load on the
client device (TV Box), while maintaining a fixed network overhead. Unlike typical split
configurations where deeper cuts reduce transmission size, the specific split points chosen
for this study produce intermediate tensors (smashed data) of identical dimensions. Con-
sequently, the payload size and network communication time remain constant across the
Early, Middle, and Late split scenarios, as can be seen in Section 5.4. This unique con-
figuration eliminates the bandwidth variable, allowing us to isolate and precisely evaluate
the impact of the client’s increasing processing burden on the total system latency.

Early Split Middle Split Late Split
| Middle Middle
—i Blocks —— +——f Blocks — —— ﬁ
| | 2

YOLOv8

Figure 3. Split points in the YOLOVS8 structure.

To evaluate the performance of our split-computing approach under signifi-
cant computational demands, we selected three large pre-trained variants of YOLOVS:
Medium (m), Large (I), and Extra Large (z)?. These models represent a high range of
computational loads; specifically, the larger variants (m, [, x) require substantial floating-
point operations (FLOPs) and memory bandwidth, which render them typically infeasible
for direct deployment on resource-constrained edge devices without significant optimiza-
tion or quantization [Okano et al. 2025, Rey et al. 2025]. The key specifications for these
selected models can be seen in Table 1. It is crucial to distinguish between storage re-
quirements and runtime memory constraints. The file sizes listed in Table 1 represent
the serialized model weights (specifically, the standard PyTorch .pth format)*. However,
the actual runtime memory footprint is larger, as the inference process requires additional
allocation for uncompressed weight tensors, activation maps, and framework overhead.

To contextualize the storage requirements of the proposed Split Computing ar-
chitecture, we compare the partition sizes with the monolithic baselines established in
the work of [da Luz et al. 2025a]. For the YOLOv8x model, the standard monolithic
weights require 136.9 MB of storage. In our ES configuration, the client-side partition
occupies 118.2 MB, offering a modest reduction in on-device storage footprint. How-
ever, for deeper partitions, the storage requirement increases significantly; the LS for the

3Detailed specifications and performance benchmarks for each model variant are available in the official
Ultralytics repository: https://github.com/ultralytics/ultralytics
‘https://pytorch.org/docs/stable/notes/serialization.html
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Model Variant | Total Layers Fm:g:f;jlglpl;)o ad Ed]%; I‘)ar;ilsm‘l Size (MSS)
YOLOvV8m 169 79.3 454 | 55.0 84.5
YOLOvSI 209 165.7 75.8 | 98.6 145.5
YOLOvV8x 209 258.5 118.2 | 153.9 227.1

Table 1. Model configurations and partition sizes for the three split scenarios
defined by [Neduchal et al. 2024].

same model reaches 227.1 MB, surpassing the size of the original monolithic file. This
increase is attributed to the overhead of serializing the split architecture as independent
PyTorch modules, which lack the compression optimizations of a unified state dictionary.
This comparison highlights that while ES optimizes both computational load and storage,
deeper splits trade storage efficiency for reduced transmission bandwidth.

4.4. Implementation and Experimental Environment

To validate the proposed architecture, we deployed a concrete implementation emulating
a multi-tenant smart parking environment.

The client-side role was assigned to low-cost TV Boxes featuring an Amlogic
S905X2 SoC (Quad-core ARM Cortex-A53 @ 2.0 GHz) with 2 GB of RAM, running
the Armbian operating system. These devices represent the extreme resource constraints
typical of large-scale IoT deployments. The server was powered by an AMD Ryzen 5
7430U CPU with 36 GB of RAM, running the Ubuntu operating system and capable of
handling concurrent inference requests.

The communication layer was implemented using gRPC (Google Remote Proce-
dure Call). Unlike traditional REST APIs, gRPC utilizes Protocol Buffers (Protobuf),
a binary serialization format that is significantly more compact and faster to parse than
JSON. This choice minimizes the serialization overhead identified as a bottleneck in split
computing literature. The system operates over a standard campus Wi-Fi network, intro-
ducing realistic jitter and bandwidth variations (average uplink: 6 Mbps).

To validate the comparisons statistically, each split-versus-baseline pair was
matched by image name (n = 10 per scenario). Normality of paired differences was
assessed via the Shapiro—Wilk test; paired ¢-tests or Wilcoxon signed-rank tests were ap-
plied accordingly (o = 0.05). Confidence intervals (95%) were estimated by bootstrap
resampling (20,000 iterations, seed = 0).

5. Results

This section discusses the results of the evaluation performed for the proposed Split Com-
puting architecture. The evaluation was conducted to analyze three dimensions of perfor-
mance: (i) Total Inference Latency, composed of client processing, network transmission,
and server inference; (ii) Client-side Resource Usage, specifically CPU and RAM foot-
print; and (ii1) Network Payload Size.

These metrics were selected to demonstrate the advantages of the split architec-
ture. Latency analysis verify if the system meets the near real-time requirements of smart
parking applications (typically under 10 seconds). Resource usage is analyzed to confirm
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that offloading computationally intensive layers prevents the edge device from reaching
saturation, thereby avoiding thermal throttling and ensuring system stability. Finally, pay-
load analysis assesses the impact on network bandwidth, ensuring the solution is viable
even in constrained wireless environments.

5.1. Inference and Communication Time

The lowest client-side inference times averaged around 3.5 seconds using the YOLOv8m
model and an Early Split. Figure 4 illustrates the distribution and variance of client-side
inference times across different model variants and split points. In general, more complex
models incurred a multiplicative impact on inference duration, with YOLOVS8I ranging
from 6.5 to 13 seconds and YOLOv8x from 10 to 20 seconds, depending on the cut layer.
Earlier cuts push more computation to the server, resulting in faster client-side execution.

Client Inference (Median) by Execution Mode and Model Size
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Figure 4. Average client inference time by split layer and model size.

Client inference dominated the total inference time, accounting for 73.5% to
86.2% of the total duration across all variants, while server inference was negligible,
contributing less than 2.5%. Table 2 details this breakdown, showing the specific time al-
location for computation versus the transmission of smashed data. The data confirms that
larger models (/, x) impose a higher burden on the client, as their increased complexity
results in a steep rise in processing delay that far outpaces the server-side costs.

Client Inference | Communication | Server Inference Total

ms)[ (%) @ms)| (%) ms)| (%) (ms)
YOLOvV8m | 4440.30 | 73.53% | 1440.29 | 23.85% | 132.28 2.19% | 6038.37
YOLOvSI 9462.90 | 84.02% | 1645.53 | 14.61% | 134.04 1.19% | 11262.99
YOLOvV8x | 13568.29 | 86.20% | 1916.34 | 12.18% | 235.65 1.50% | 15739.94

Model

Table 2. Average inference time and component contribution per model.

For the purpose of this analysis, Communication Time is defined as the total la-
tency incurred during the offloading process, encompassing two distinct phases: (1) the
serialization of the intermediate tensor (smashed data) into a Protocol Buffer message,
and (2) the network transmission of this payload via the gRPC channel. This metric was

9
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calculated by measuring the duration of the client-side transmission request and subtract-
ing the server-side processing time, effectively isolating the network and serialization
overhead from the inference computation.

It is also worth highlighting the shifting impact of client-to-server communication
in Split Computing scenarios. While the absolute time required to transmit data increases
with model size, its relative percentage decreases significantly, dropping from 23.85% for
YOLOvV8m to 12.18% for YOLOv8x. This indicates that for larger models, the bottleneck
is strictly computational. However, for the medium model, communication remains a
major factor (consuming nearly a quarter of the runtime).

Additionally, to mitigate bandwidth saturation from feature expansion, a encoder-
decoder architecture [Neduchal et al. 2024] could drastically compress intermediate fea-
ture maps before transmission. This approach reduces payload size without degrading
inference accuracy. Furthermore, while gRPC provides a robust standard, investigating
zero-copy serialization protocols could further lower the client’s CPU burden from packet
marshalling. These optimizations are targeted for future iterations, as this research aims
to establish a baseline performance using standard, cost-effective technologies.

5.2. Baseline Deployment x Split Computing Strategy

To precisely quantify the benefits of the proposed Split Computing architecture, we evalu-
ated our results against a direct baseline deployment where the full, monolithic YOLOv8
models were executed locally on the client edge devices (TV Boxes). As detailed in Table
3, the standalone, monolithic execution of the YOLOv8x model required 19.17 seconds to
complete a single inference on the edge device. In contrast, our Split Computing imple-
mentation achieved a total inference time of 15.74 seconds, yielding a latency reduction
of approximately 17.9% using the exact same hardware and model framework.

Similar trends were observed across the other model variants. The monolithic ex-
ecution of YOLOVSI took 12.90 seconds, whereas the split architecture reduced this to
11.26 seconds (a 12.7% improvement). For the medium-sized variant (YOLOv8m), the
monolithic baseline achieved an inference time of 6.26 seconds, which the split imple-
mentation improved to 6.04 seconds.

It is important to note that these split computing totals represent configurations
that heavily favor client-side processing. By shifting to an Early Split, the client’s compu-
tational burden is minimized even further, dropping the client-side inference phase to as
low as 3.5 seconds for the YOLOv8m model. Ultimately, these direct comparisons prove
that the Split Computing strategy effectively mitigates hardware limitations, enabling the
deployment of complex models that would otherwise suffer from severe latency bottle-
necks on standalone edge devices.

[ Model Variant | Monolithic Baseline [ Split Computing Total | Latency Reduction |

YOLOv8m 6258.2 ms 6038.4 ms 3.5%
YOLOVS81 12901.9 ms 11263.0 ms 12.7%
YOLOv8x 19171.7 ms 15739.9 ms 17.9%

Table 3. Performance comparison between Monolithic Baseline and Split Com-
puting

10
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Statistical analysis confirms that all nine scenarios yield significant latency re-
ductions (all p < 0.01), with strictly negative 95% bootstrap confidence intervals (CIs),
indicating that the true mean latency reduction falls below zero with high confidence.
Gains range from —348 ms (YOLOv8m, Late Split) to —7,350 ms (YOLOVS8x, Early
Split), consistently demonstrating that Split Computing reduces end-to-end inference la-
tency regardless of model size or partition point.

5.3. Client Resource Usage

Our inference framework implemented in this research, including the PyTorch and Ultra-
lytics libraries as well as other necessary components, were able to be loaded into memory
on both clients. Figure 5 illustrates the average client RAM usage during inference. The
objective of this measurement is to validate the feasibility of deploying these models on
highly constrained edge nodes, specifically the repurposed TV boxes which are limited
to 2 GB of RAM. As shown, the YOLOv8m model demonstrated the lowest memory
footprint at 600MB across all cut layers. Even under the most demanding scenario, the
YOLOv8x model executing a late split, the memory consumption peaked at 900MB.
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Figure 5. Edge/Client resource usage comparison.

Interestingly, the baseline monolithic executions occasionally exhibited slightly
lower RAM usage than their partitioned counterparts. This counterintuitive behavior is
attributed to the structural overhead introduced by the split architecture. When the neural
network is serialized into independent Py Torch modules for the split, it lacks the compres-
sion optimizations of a unified state dictionary. Furthermore, the actual runtime memory
footprint must temporarily expand to allocate uncompressed weight tensors, framework
overhead, and the large activation maps (smashed data) generated before transmission.
Despite this serialization overhead, this demonstrates a key contribution of the Split Com-
puting architecture: it allows complex, memory-intensive deep learning frameworks and
their dependencies to operate safely within the strict 2 GB hardware limits of ultra-low-
cost devices without triggering out-of-memory errors or requiring swap space.

On the other hand, client CPU usage during the experiments were mostly the
same across models and split layers, with the late split naturally incurring slightly more
processing load, as can be seen in Figure 5. From the data, it appears that the model size
does not influence the CPU load on the clients, as all models registered themselves to be
in the range of 95% to 100% throughout. Because the Amlogic S905X2 SoC is highly
resource-constrained, any deep learning workload immediately saturates its capabilities.

11
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The slightly lower CPU usage observed for YOLOVSI is attributed to OS-level scheduling
variability, which can introduce small variances in reported process utilization at near-
saturation loads.

Crucially, while Split Computing offloads the execution of deeper neural network
layers, it introduces a new CPU burden on the client: the serialization of the intermediate
tensor (smashed data) into a Protocol Buffer message and its subsequent transmission.
Consequently, the true computational benefit of offloading is not reflected as a drop in
the CPU utilization percentage, which remains effectively maximized, but rather as the
reduction in total inference execution time demonstrated in Section 5.2.

5.4. Payload Size

Finally, we analyzed network payload sizes during the experiments. To quantify this, the
server intercepts the incoming gRPC transmission and records the exact byte size of the
serialized Protocol Buffer message containing the smashed data.

Our measurements show that the payload size increases linearly with the model
scale, recording 6.33 MB for YOLOv8m, 8.13 MB for YOLOVSI, and 10.16 MB for
YOLOv8x. Crucially, these values remain constant across all three split points (Early,
Middle, and Late) for each respective model. This occurs because, following the parti-
tioning strategy defined by Neduchal et al. [Neduchal et al. 2024], the selected cut layers
were specifically chosen to produce intermediate tensors of identical spatial dimensions.
Consequently, in this specific experimental design, the choice of cut layer does not impact
the bandwidth consumption, allowing us to isolate the computational trade-offs.

6. Conclusion and Future Work

This work presented the design, implementation, and experimental evaluation of a Split
Computing—based inference approach using YOLOvV8 models for vehicle detection in
smart parking scenarios. The proposed method demonstrates clear advantages over fully
client-side inference by offloading the most computationally intensive portions of the
model to a server, thereby reducing the computational and energy burden on resource-
constrained edge devices while avoiding the transmission of raw visual data. As a result,
the approach enables the deployment of larger and more accurate detection models in en-
vironments where client devices alone would be incapable of executing them efficiently.

The experimental results indicate that Split Computing provides a practical and
scalable solution for smart parking systems operating on low-powered [oT hardware, par-
ticularly in multi-tenant scenarios. By carefully selecting the model partition point, the
framework balances computation and communication overhead, making state-of-the-art
object detection feasible without requiring costly hardware upgrades at the edge.

Future work will focus on three directions. First, expanding the statistical eval-
uation to larger sample sizes (n > 10) to increase the power of significance tests and
improve generalizability. Second, incorporating energy consumption metrics to quantify
the sustainability gains of offloading on ultra-low-cost devices such as the repurposed TV
boxes. Third, evaluating the architecture under variable network conditions, including
SG/MEC deployments and congested Wi-Fi scenarios with multiple concurrent clients, to
assess the robustness of the identified computation-communication trade-offs beyond the
controlled campus environment.
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