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INTRODUCTION & AIM METHOD

This work follows a structured literature review methodology, systematically surveying published research at the intersection of deep
learning, traffic data classification, and embedded systems deployment.

Context Problem Sttatement

Efficient classification of this data is
critical for mobility, prediction, and safety.
While deep learning excels at capturing
spatio-temporal dependencies, most
approaches remain software-only —
overlooking the real constraints of
embedded, resource-limited hardware.

The rapid expansion of intelligent
transportation systems (ITS) and
connected vehicles generates massive
volumes of diverse, heterogeneous
traffic data — from on-board sensors,
LIDAR, cameras, and vehicle-to-
everything (V2X) communications.

Inclusion criteria
* DL models applied to vehicular or traffic data .
* Peer-reviewed, published 2015-2024 [

Hardware Target Ecosystem : Embedded Platforms for DL Deployment
DL Model Training and Optimization (Cloud / HPC)
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* Discusses hardware deployment

Train Large Models

(CNN, RNN, etc.) Model

Distillation Ready for Edge Deployment

Model Compression and Optimization Optimized Lightweight
} — [ Quantization — Prunning Knowledge } — [

Analytical dimensions
* Model architecture taxonomy :

Hight

Low
performancg/

Embedded Deployment Ecosystem
\.\performance

SocC | Edge Al Platf
* CNN - RNN - GCN - Transformer - Exampies : NVIDIA Jetson, Google Edge TPU €Y tionpetormance
- - . MediaTek SoCs, Qualcomm Snhapdragon g Large Mermory

Core Gap This Review Addresses * Performance benchmarking : SoC : [tediased CPU- GPLIANE sccsiornots S R

* accuracy - F1 - MAE - Supports complex DL models and real-time applications Modecate o

- - . . L. . . * Frameworks : TensorFlow Lite, ONNX Runtime, Vendor SDKs

A fundamental disconnect exists between deep learning model design — * Optimization strategies :
optimized for accuracy on GPU-equipped servers — and the practical realities of * quant. - pruning - distil. - NAS au, [ it nEimac e A e b
deploying these_ models in real-time, pnwer—cnnstrlalned embedded systems such * Hardware deployment context : :; —_— 52?&1{2:%?Liﬂﬁs'iﬂ%iiﬁb?ﬁsmm oL acceleration R

° . . . = . d -nati ipeli f ; ; f [s=5} Custom DL Pipelines
as those found in autonomous and connected vehicles. MCU - FPGA - SoC - edge : .E{gé{’;;,i%gj,:%’%ﬁ:%g‘fe%g:g%’*inﬁc}%ﬁg}%ﬁ:ﬁgﬁs = i

Keywords used in literature search

. . . g . SoC | Edge Al Platf
Aims of this Review Deep learning, Traffic data classification, Ll -052?;25?%33?4 Cortex-M series (STM32, NXR.T) é P
. . = - . Arauino Limited Memory
Intelllgent transportatlon SyStemS, FMCUE - E_Itrg:—lgw power (('rg\é\l) ,Jgry Iimit;ad resources D i
= c = = -y - [ — = * Limited memory = range
- Survey DL architectures applied to vehicular traffic data classification Embedded systems, Model tow \_ | T R Nies iy i sty pieys e S ® oo |
» Evaluate model effectiveness, accuracy, and computational efficiency compression, Real-time inference, gellcaa ' ' | " Ultra-Low
= = = = = = = . . - P
* Review optimization strategies enabling deployment on constrained hardware Connected vehicles, Spatio-temporal Beueat otk Liepnes Y
* ldentify open challenges and future directions for real-time embedded Al modeling, Edge Al, TinyML, IR am ARG Enstgy Eetancy 0 petaRreacy N BeucR Covmumjcfide
. . . S— Real-time Reduced power Local processing, t Lower bandwidth &
Quantization, Autonomous vehicles processing @ consumption more secure cloud dependency

RESULTS & DISCUSSION

Deep Learning Outperforms Traditional Methods Optimization Strategies Enable Embedded Deployment

Deep learning architectures consistently outperform traditional machine learning methods, on d Model optimization is critical for deploying deep learning on resource-constrained e
traffic data classification tasks. Spatio-temporal models that jointly model both spatial topology embedded platforms.

and temporal dynamics achieve the strongest results. These strategies significantly reduce model size, memory footprint, and inference energy
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These optimization strategies make deep learning models practical for real-world embedded
systems with strict memory, compute, and energy constraints.
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A Critical Deplovment Gap ExXists in the Literature

T he vast miajority of revievwed studies evaluate DL models exclusively on GRPRPU-—equipped servers, reportimg
accuracy metrics without profillimng latency, memorny footprint, or powvwwer consumption on real embedded hardvware.
Hardwvvware wvalidation on platforrmis such us S ThM322, NWIDLA Jetson, Raspberry Pi, or Xilin>x FPGA remains rare.
T his constitues a Mmajor gap between published results auaind real-wvworld deployvadkility.
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This gap between evaluation and real-world deployiment limits the reliability and reproducibility of published ]

results for ressource-constraanmned embedded apphcations.

CONCLUSIONS

FUTURE WORK/ REFERENCES
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* Hardware-aware co-design *

» Standardised embedded benchmarks

* Federated & on-device learning

* TinyML & neuromorphic computing .
 * Multi-modal sensor fusion at the edge
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