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Abstract

This thesis investigates the design and evaluation of FPGA-based implementations for accel-

erating deep learning workloads, with a particular focus on real-time object detection and

Graph Convolutional Networks (GCNs). The first part of the work presents the first dedicated

and comprehensive survey of real-time object detection on FPGAs, analyzing state-of-the-art

architectures, acceleration techniques, and optimization strategies across more than a decade

of research. To enable fair comparison among heterogeneous implementations, the study in-

troduces pixel throughput as a resolution-independent performance metric and provides an

in-depth classification of algorithmic and hardware design approaches, together with a dis-

cussion of the challenges and emerging trends shaping next-generation FPGA-based detection

systems.

Building on the insights gained from this survey, the second contribution evaluates a practical

deployment of Tiny YOLOv2 on an AMD Xilinx Zynq UltraScale+ MPSoC. The implemen-

ted heterogeneous system achieves 30 FPS real-time performance while consuming only 1.1

W, outperforming GPU-based implementations (15 FPS at 13.5 W) and CPU baselines (2.5–8

FPS at 2.1–5.3 W) by large margins in both energy efficiency and performance–power ratio. A

detailed profiling study using the Vitis AI Profiler reveals key execution bottlenecks—including

CPU–DPU synchronization stalls and underutilized DDR bandwidth—offering quantitative

insights into system-level inefficiencies and guiding future optimization efforts for FPGA-

based MPSoC deployments.

The final part of the thesis introduces a lightweight, fully streaming FPGA accelerator for

Graph Convolutional Networks, designed for mid-range and power-constrained devices. The

architecture integrates scalable sparse–dense (SpMM) units, an efficient systolic array for

dense transformations, and a dataset-aware 16-bit fixed-point quantization strategy that pre-

serves full classification accuracy. Implemented on a Kintex-7 FPGA, the accelerator achieves

1.77–3.47 ms inference latency on the Cora and Citeseer datasets while consuming only

0.305–0.553 W, delivering up to 1,082 graphs/J, over 50× greater energy efficiency than con-

temporary GPU implementations, while requiring just 54–55 DSPs. These results highlight its

suitability for real-time, embedded, and edge-AI applications where energy and resources are

severely limited.

Overall, this dissertation provides a unified and experimentally validated body of methodo-

logies for the FPGA acceleration of deep learning workloads. Through systematic analysis,

empirical bottleneck characterization, and novel architectural design, it advances the state of

the art in real-time and energy-aware deep learning on reconfigurable platforms and estab-

lishes a foundation for future research on efficient heterogeneous AI computing.
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Chapter 1

Introduction

The contemporary landscape of computer science is defined by the pervasive integration of

deep learning (DL) models across complex systems. From advanced driver-assistance sys-

tems (ADAS) and sophisticated industrial automation to large-scale network modeling and bio-

informatics, these models, particularly Convolutional Neural Networks (CNNs) and Graph Neural

Networks (GNNs), have demonstrated state-of-the-art accuracy [14–19]. However, translating

this algorithmic prowess into reliable, real-world deployment remains constrained by architec-

tural limitations inherent in the hardware that must support them. Modern DL models, charac-

terized by millions of parameters and billions of operations per inference, demand computational

resources far exceeding the capabilities of conventional, low-power embedded platforms [20–22].

This deployment challenge is multi-faceted, involving severe restrictions on power consump-

tion, the absolute necessity for low and deterministic latency (particularly for hard real-time sys-

tems), and the requirement to efficiently process data of varying structural complexity. General-

purpose architectures, such as Central Processing Units (CPUs), are typically bottlenecked by

sequential instruction processing and insufficient on-chip memory for comprehensive feature re-

use. Simultaneously, power-intensive Graphics Processing Units (GPUs) frequently fail to meet

the stringent power budgets of battery-operated or thermally limited edge devices, and their non-

deterministic execution often precludes their use in safety-critical hard real-time applications.

Addressing this critical architectural disparity requires a fundamental shift toward hardware

specialization. This thesis, "Design and Evaluation of FPGA Implementations of Deep Learn-

ing Models: From Real-Time Object Detection to Graph Convolutional Networks," champions

the Field-Programmable Gate Array (FPGA) as the optimal foundational technology for high-

performance, energy-efficient DL inference at the edge. The FPGA’s inherent reconfigurability

allows for the creation of customized dataflow architectures and on-chip memory hierarchies

that perfectly match the computational and memory access patterns of a target DL model. Fur-

thermore, modern Heterogeneous Multi-Processor Systems-on-Chips (MPSoCs), which tightly

couple programmable logic (PL) with embedded processor systems (PS), offer a fertile ground

for sophisticated hardware/software co-design, enabling the fine-grained scheduling and control

necessary for complex real-time applications.

The scope of this research is deliberately dual-pronged and expansive, encompassing two

antithetical yet representative deep learning workloads, thereby ensuring the generalizability and

robustness of the proposed architectural solutions:

• Dense, Time-Critical Workloads (Real-Time Object Detection): The acceleration of CNN-

based Object Detection (OD) models (e.g., YOLO and SSD) is governed by dense, compute-

intensive matrix operations (convolutions). The core challenge here is achieving maximum
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throughput and deterministic latency within heterogeneous MPSoC environments, requir-

ing rigorous analysis of execution bottlenecks such as DDR memory bandwidth and inter-

system synchronization overhead.

• Sparse, Irregular Workloads (Graph Convolutional Networks): The acceleration of GCNs,

designed to process complex, non-Euclidean data, is fundamentally defined by highly irreg-

ular memory access patterns stemming from Sparse-Dense Matrix Multiplication (SpMM).

This necessitates radically different architectural strategies—specifically, specialized stream-

ing engines designed for maximal energy efficiency on resource-constrained FPGAs, where

the traditional metric of peak throughput is subordinated to minimizing the power-delay

product.

By systematically investigating these contrasting computational regimes, this thesis devel-

ops and validates a body of advanced hardware/software co-design methodologies that provide

a comprehensive framework for realizing adaptable, energy-optimal, and real-time deep learning

inference across the entire spectrum of AI applications at the edge.

1.1 Motivation

The rapid convergence of advanced Artificial Intelligence (AI) models, particularly deep neural

networks, and the proliferation of edge computing platforms has created a critical demand for

real-time, energy-efficient processing across diverse application domains. This demand is partic-

ularly pronounced in safety-critical and high-throughput scenarios, such as autonomous vehicles,

robotics, industrial automation, and large-scale graph analysis.

The architectural foundation of these cutting-edge AI workloads presents significant chal-

lenges to conventional computing platforms. Specifically:

• Computer Vision (CV) Workloads: Real-time Object Detection (OD) models, such as the

YOLO (You Only Look Once) and SSD (Single Shot MultiBox Detector) families, rely

heavily on Convolutional Neural Networks (CNNs). While highly accurate, these models

are computationally intensive and memory-bound. Achieving the low and deterministic

latency required by hard real-time systems—where missing a deadline is unacceptable—is

infeasible on power-hungry General-Purpose Processors (CPUs) or Graphics Processing

Units (GPUs).

• Graph Workloads: Graph Convolutional Networks (GCNs) have become essential for pro-

cessing complex, non-Euclidean data structures like social networks and knowledge graphs.

The core challenge here is the sparse matrix-matrix multiplication (SpMM), which results

in irregular memory access patterns and poor data locality. This irregularity leads to severe

performance and energy bottlenecks on conventional, dense-optimized hardware.

This research is fundamentally motivated by the need to bridge the gap between the increasing

complexity of state-of-the-art AI algorithms and the stringent power, latency, and throughput

constraints of embedded and edge-AI systems. The Field-Programmable Gate Array (FPGA)

emerges as the ideal platform to resolve this conflict. FPGAs offer high parallelism, the flexibility

to design custom data paths, and the ability to implement fine-grained precision control, making
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them superior to both CPUs and GPUs in terms of power efficiency and deterministic latency,

especially for demanding real-time inference tasks.

1.2 Research Objectives

The overarching goal of this thesis is to systematically investigate, design, and validate novel

hardware and software co-design methodologies that enable energy-efficient and real-time execu-

tion of complex deep learning models on resource-constrained FPGA platforms.

To achieve this goal, the research is structured around the following specific objectives:

• Systematic Analysis of Real-Time Challenges: To conduct a comprehensive survey and

comparative analysis of existing FPGA-based solutions for real-time Object Detection,

identifying key acceleration techniques (e.g., pruning, quantization, pipelining) and determ-

ining the architectural trade-offs essential for meeting hard and soft real-time constraints.

• Bottleneck Identification and Optimization in Heterogeneous Systems: To evaluate the

practical deployment of energy-efficient Computer Vision models (specifically Tiny YOLOv2)

on FPGA-based Heterogeneous Multi-Processor Systems-on-Chips (MPSoCs). This in-

cludes profiling the execution pipeline to precisely locate and analyze system bottlenecks,

such as DDR memory bandwidth underutilization and inefficient CPU-DPU (Deep Learn-

ing Processor Unit) task scheduling, to guide subsequent optimization efforts.

• Lightweight Architecture Development for Sparse Workloads: To propose and validate a

novel, lightweight, streaming FPGA architecture explicitly tailored for accelerating GCNs.

This architecture must effectively mitigate the challenges of sparse computations by integ-

rating scalable SpMM units and a compact dense transformation stage while ensuring high

energy efficiency and preserving full classification accuracy via dataset-aware fixed-point

quantization.

1.3 Thesis Contributions

This thesis advances the state-of-the-art in energy-efficient and real-time AI acceleration by de-

livering the following original contributions:

• The First Dedicated Survey on Real-Time OD on FPGAs: This work provides the first

comprehensive, dedicated review focusing specifically on the implementation and optim-

ization of "real-time Object Detection on FPGAs". It introduces pixel throughput as a fair

metric for comparative analysis and synthesizes knowledge on appropriate one-stage CNN

architectures, hardware acceleration techniques, and optimization strategies necessary for

industrial-grade, low-latency deployments.

• Quantifiable Performance and Efficiency Benchmarks for MPSoCs: Through the imple-

mentation and evaluation of a Tiny YOLOv2-based real-time OD system on an AMD Xilinx

Zynq UltraScale+ MPSoC, this research provides quantitative, cross-platform performance

comparisons. It demonstrates that the FPGA-based system achieves significantly superior
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energy efficiency (up to 22.7x better Power Delay Product) compared to high-end GPU and

CPU baselines, establishing a robust benchmark for edge-AI systems.

• Preliminary Analysis of Heterogeneous MPSoC Bottlenecks: A crucial contribution is

the preliminary, empirical analysis of the execution bottlenecks within the heterogeneous

MPSoC environment using the Vitis AI Profiler. This analysis pinpoints specific architec-

tural and software integration challenges (e.g., inefficient parallelism and memory under-

utilization) that are critical for achieving peak performance in FPGA-based co-designed

systems.

• A Lightweight, Energy-Efficient GCN Streaming Accelerator: The thesis proposes and

validates a novel lightweight and energy-efficient FPGA accelerator specifically for GCN

workloads. Key innovations include:

– A unified, fully streaming dataflow architecture that removes instruction-driven over-

head, directly mapping GCN operations into hardware.

– Demonstrable high energy efficiency, achieving up to 1,082 graphs/J on the Cora

dataset, exceeding modern GPU baselines by more than 50x, using a remarkably low

DSP count, suitable for mid-range, embedded FPGA devices.

– The validation of a dataset-aware 16-bit fixed-point quantization scheme that success-

fully preserves full classification accuracy while significantly minimizing resource

utilization.

1.4 Thesis Organization

This thesis is organized into five chapters that collectively investigate the design and evaluation of

FPGA-based acceleration techniques for deep learning workloads. Chapter 1 introduces the mo-

tivation, research objectives, and contributions, emphasizing the challenges of deploying CNN-

and GCN-based models under stringent real-time and energy constraints. Chapter 2 provides

a comprehensive and structured survey of real-time object detection on FPGAs, covering back-

ground fundamentals, FPGA architectures, acceleration techniques, comparative design analyses,

and optimization strategies, culminating in an overview of existing challenges and future research

trends. Chapter 3 presents a practical case study on heterogeneous MPSoCs, detailing the im-

plementation of Tiny YOLOv2 on a Xilinx Zynq UltraScale+ device and delivering an empirical

profiling-based analysis of execution bottlenecks, including CPU–DPU synchronization ineffi-

ciencies and DDR bandwidth underutilization. Chapter 4 introduces and evaluates a lightweight,

energy-efficient FPGA streaming architecture for Graph Convolutional Networks, discussing its

design rationale, sparse–dense compute modules, quantization strategy, and experimental per-

formance across benchmark datasets. Finally, Chapter 5 offers concluding remarks and outlines

future research directions emerging from the survey, MPSoC analysis, and GCN accelerator de-

velopment.
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Chapter 2

Real-Time Object Detection on FPGAs

2.1 Introduction

Real-timeobject detection is a computer vision task that aims at identifying and localizing

objects in images or video sequences with acceptable inference speed, frame rate, and ac-

curacy, satisfying the requirement of the application of interest. Autonomous driving [14, 15],

robotics [16,17], and healthcare monitoring [18,19] are some examples in which real-time object

detection can play a vital role.

Similar to classical real-time theory, we can define hard and soft constraints for real-time

object detection. In hard real-time scenarios, the system fails if a specific deadline is not met,

whereas in soft real-time situations, missing a deadline is undesirable but can be tolerated [20].

Achieving high power efficiency and, at the same time, performance satisfying hard con-

straints typically leads to the use of FPGA platforms [21, 22].

The role of Machine Learning Advancements in machine learning, particularly in deep learn-

ing [23], have led to the development of highly accurate and optimized object detection al-

gorithms. Contemporary real-time object detectors commonly leverage Convolutional Neural

Network (CNN) architectures to achieve an acceptable balance between accuracy and speed.

Recently, Transformer-based object detectors [24,25] have gained considerable attention ow-

ing to their simplified, end-to-end architectures and impressive performance. However, their high

computational demands limit their practical application [26], especially on resource-constrained

platforms.

The role of FPGAs FPGAs are widely regarded as suitable platforms for implementing ob-

ject detection systems as stand-alone target devices or, in heterogeneous systems, as accelerators

alongside a processor [27]. They have gained remarkable attention for implementing real-time

object detection systems due to their ability to offer low and deterministic latency, along with

high throughput—critical factors for real-time systems [7].

Moreover, FPGAs can directly receive images from external imaging sources and process

them without the need for processor intervention. This results in improved system performance

and ensures lower and more predictable end-to-end latency. This is particularly significant as real-

world object detection systems commonly rely on input image data from one or multiple imaging

sources [28, 29].

Furthermore, the introduction of one-stage CNN-based object detection models [1,2] in 2016,

characterized by simpler architectures and higher speed compared to their two-stage counter-
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parts [30–32], has facilitated the development of real-time systems, particularly on resource-

constrained devices like FPGAs. Over time, with the introduction of more advanced one-stage

object detection models [33,34], these architectures have managed to strike a balance between ac-

curacy and speed. Figure 2.1 illustrates the increasing contribution of “real-time” systems in the

context of implementing object detection on FPGAs over the last decades. This figure highlights

that the introduction of these detection models has marked a significant turning point in attention

to this topic.

Figure 2.1: Increasing number of publications related to real-time object detection and FPGA

over the years, especially after the introduction of one-stage object detection models like YOLO

[1] and SSD [2], based on data extracted from Google Scholar.

Other related surveys This review examines implementations of real-time object detection

on FPGAs, while other recent surveys partially address the topic as a whole as illustrated in

Table 2.1. The survey literature is quite large, so we divided the contributions in three main cat-

egories discussed below: i) surveys on general object detection; ii) surveys on object detection on

resource-constrained platforms; iii) surveys on FPGA-based object detection. In those categor-

ies, we discuss below and highlight in Table 2.1 the surveys of the last three years (2022, 2023,

2024), assuming that they already include comprehensively previous works and we explain how

we extended such reviews.

Surveys on General Object Detection Numerous research works provide reviews of object de-

tection algorithms, covering traditional and deep learning-based methods, commonly used data-
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Table 2.1: Comparison of recent related review studies with the present work, focusing on the

main topics discussed.

Year Ref. Main Surveyed Topics (Corresponding to ours) Highlights

Object
Detection

(OD)
Methods

Real-time
Perform-

ance

FPGA
Imple-

mentation

HW Acceleration/
Optimization
Techniques

2024 Ours YES YES YES YES

Focuses mainly on suitable OD models,
HW acceleration methods, and

optimization strategies to achieve
real-time performance on FPGAs

2024
Mittal

[35]
YES YES NO NO

Focuses on the design and evaluation of

lightweight object detection models based

on deep learning, specifically tailored for

edge devices

2023

Amjoud

et

al. [36]

YES NO NO NO
Provides an overview of the current state

of deep learning-based OD models

2023

Kamath

et

al. [37]

YES NO NO NO

Provides a systematic review on deep

learning-based OD on

resource-constrained devices,

emphasizing lightweight models

2023

R. Kaur

et

al. [38]

YES NO NO NO

Reviews the evolution of OD,

emphasizing DNN-based models while

discussing key frameworks, architectures,

datasets, and evaluation metrics

2023

Setyanto

et

al. [39]

YES YES NO NO

Reviews OD methods and simplification

strategies suitable for edge computing,

focusing on compression techniques

2023
Zou et

al. [40]
YES YES NO NO

Reviews the development of OD with a

discussion on detection speedup helpful

for real-time performance

2022

Huang

et

al. [41]

YES YES NO NO

Discusses CNN-based OD models

suitable for implementation on Raspberry

Pi while achieving real-time performance

2022

J. Kaur

et

al. [42]

YES YES NO NO

Discusses various OD techniques,

applications, and related tools and

datasets, with a focus on existing

challenges

2022
Zaidi et

al. [43]
YES YES NO NO

Reviews OD methods, focusing on

lightweight models suitable for real-time

performance on edge devices

2022
Zeng et

al. [27]
YES NO YES YES

Reviews some software and hardware

optimization methods for the

implementation of OD models on FPGAs

sets, typical performance metrics, and more [36, 38, 40, 42, 44–49].

The work by Amjoud et al. [36] provides an overview of the current state of object detection

based on deep learning, covering two-stage anchor-based detectors, one-stage anchor-based de-

tectors, anchor-free detectors, and transformer-based detectors. It also evaluates existing models

across major object detection datasets such as Pascal VOC [50] and MS-COCO [51].

J. Kaur et al. [42] review key techniques, datasets, and tools for object detection, with a
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focus on the advancements and challenges within the field. It covers various detection methods,

noting how deep neural networks have improved performance, while challenges like small object

detection, video analysis, and dataset limitations persist. The paper also explores future direc-

tions, such as combining detection models. They highlighted key research opportunities, such

as designing efficient networks and leveraging multi-source information to enhance robustness in

detection tasks.

The paper by R. Kaur et al. [38] reviews the evolution of object detection, focusing on deep

convolutional neural networks and their applications across various fields. It compares deep learn-

ing methods with other object detection techniques and discusses key frameworks, architectures,

datasets, and evaluation metrics.

Zou et al. [40] provide a comprehensive review of popular detectors, key technologies, spee-

dup methods, datasets, and metrics spanning 20 years of object detection history, along with

discussing promising future directions.

Surveys on Object Detection on Resource-Constrained Platforms Implementing these al-

gorithms on resource-constrained devices is a practical and interesting topic. Extensive research

has been conducted in this domain, covering various aspects of this issue [37, 39, 41, 43, 52–54].

From these works, several important design aspects emerge that need to be taken care of. They in-

clude the design of appropriate algorithms, techniques to simplify architectures, power efficiency

(e.g., optimizing memory access, a primary source of power consumption), edge-specific metrics,

such as cost, model size versus resource availability, and common metrics like accuracy, latency,

and throughput.

Huang et al. [41], examine the challenges and advancements in enabling real-time object

detection on resource-constrained edge devices. It explores methods of data processing on such

devices, the development of efficient deep learning models, and the importance of input size

reduction in neural networks for edge scenarios. The authors analyze existing approaches, com-

paring traditional machine learning methods and deep learning techniques for object positioning

and classification, and evaluate their suitability for edge devices like Raspberry Pi. The paper

also highlights trade-offs between computational efficiency, accuracy, and power consumption in

these contexts.

Zaidi et al. [43] review recent developments in deep learning for object detection, covering

benchmark datasets, evaluation metrics, and lightweight models for edge devices. It emphasizes

the progress in creating faster, more accurate detectors to achieve real-time performance suitable

for embedded applications.

The work by Kamath et al. [37] explores recent trends in deep learning-based object detection

for resource-constrained devices. The study identifies key research areas, techniques, devices, and

applications in this domain, based on a systematic literature review of 167 studies. It highlights

the need for lightweight models that perform well on constrained devices, with a focus on the

transportation industry.

Setyanto et al. [39] discuss various approaches for deploying object detection on near-edge

devices, such as autonomous vehicles. They emphasize the challenges posed by limited com-

putational resources and the need for efficient model compression techniques, such as network

pruning and quantization, to maintain accuracy while reducing computational demand.

Mittal’s review [35] provides an exploration of deep learning-based lightweight object de-
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tection models designed for edge devices, addressing the increasing need for accurate, efficient,

and low-latency detection systems. The study presents a taxonomy of lightweight detection al-

gorithms, delves into key backbone architectures, and evaluates their performance on widely used

datasets such as MS COCO [51] and Pascal VOC [55]. Additionally, it highlights the challenges

and opportunities in the field, outlines real-world applications, compares state-of-the-art models,

and offers insights into optimization strategies to enhance the performance of object detection

models on edge platforms.

Figure 2.2: Organization of the paper.

Surveys on FPGA-based Object Detection Despite the proven benefits of FPGAs in devel-

oping object detection systems [7], especially when real-time performance is required [56–58],

relatively little attention has been devoted to reviewing the related accomplished works.

Zeng et al. [27] partially address this gap by examining and comparing existing works in this

domain. They also provide a summary of some software and hardware optimization techniques

for the implementation of FPGA-based accelerators for object detection. However, in this survey,

there is no emphasis on the real-time related aspects, which are connected more closely and

examined in our work, besides analyzing also more recent works.

Our contribution However, to the best of our knowledge, this work marks the first dedicated

review toward the implementation and optimization of “real-time object detection on FPGAs”.

As illustrated in Figure 2.1, the contribution of real-time systems in this field is on the rise,

highlighting the growing importance of focusing on this topic. Our discussion covers appropriate

object detection algorithms, acceleration techniques, and optimization strategies for soft and hard

real-time systems. Furthermore, we conduct a comprehensive examination and comparison of

state-of-the-art works in this domain from various perspectives. Additionally, we delve into the

existing challenges and propose potential solutions for achieving real-time object detection on

FPGAs.

Organization of this survey As illustrated in Figure 2.2, the rest of the paper is organized as

follows. Section 2.2 provides background information about object detection, the hard as well

as soft real-time concepts. It also discusses evaluation metrics and datasets commonly used in
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assessing real-time object detection systems. Section 2.3 provides an overview of FPGAs, ex-

ploring fundamental concepts, advantages, and common design approaches. It further delves into

how FPGAs are applied in computer vision, particularly in object detection, and highlights spe-

cific platforms that enable accelerated processing for these tasks. Then, Section 2.4 delves into

the implementation of real-time object detection systems using FPGAs, covering common archi-

tectures, acceleration techniques, and optimization strategies to achieve real-time performance.

A review of state-of-the-art related works and their comparative analysis are also provided in that

section. Section 2.6 addresses existing challenges in achieving real-time object detection systems

on FPGAs, alongside potential directions for future research. The paper concludes in section 2.7.

2.2 Fundamentals and Background

2.2.1 OBJECT DETECTION OVERVIEW

Object detection is a computer vision task in which one or several objects in an image or a video

frame can be identified and localized [40]. In other words, object detection algorithms perform

two primary tasks:

• Classification: by assigning a label to every detected object based on the obtained probab-

ility that the object belongs to a certain category.

• Localization: by providing bounding boxes (bounding box detection) or highlighting sig-

nificant landmarks (landmark detection) indicating the locations of detected objects within

the input image.

Nowadays, object detection is widely applied in various real-world applications, such as video

surveillance [59, 60], autonomous driving [14, 61], and healthcare monitoring [18, 62] to name a

few. Also, object detection forms the foundation for numerous other computer vision tasks, such

as object tracking [63], instance segmentation [64–66], and image captioning [67, 68].

The progress in object detection can be divided into two major periods: before and after

the development of Deep Neural Networks (DNNs) [40]. Figure 2.3 depicts a classification of

object detection techniques. This figure also illustrates which categories of models are more

popular for real-time systems and which are better suited for FPGA implementation based on

algorithm complexity and model size. The study specifically focuses on models that exhibit both

characteristics, represented by the overlapping green area, which are related to CNN-based one-

stage detectors.
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Figure 2.3: Classification of object detection techniques: Non-DNN-based and DNN-based de-

tectors, along with instances of models for each category. It also shows which models may show

real-time performance and which are more suitable for FPGA implementation. The focus of this

study is the overlapping area (green zone.)

We discuss the works that do not rely on Deep Neural Networks (here referred to as Non-

DNN-based Methods and those that rely on DNNs (referred to here as DNN-based Methods).

In the following, the object detection models listed in Tables 2.2 and 2.3 are discussed in de-

tail. We provide references to the original work that introduced the model, along with its main

features, best-achieved performance, and, if available, references to subsequent FPGA-based im-

plementations. For detailed descriptions of the performance metrics used in the table and the

following parts, please refer to Section 2.2.3.

The table shows that CNN-based one-stage object detection models achieve a good balance

between accuracy and speed, making them excellent choices for developing real-time object de-

tection systems.

On the other hand, the introduction of DETR [24] marks the beginning of a new era in object

detection models in which Transformers are deployed. These models can capture global depend-

encies and contextual understanding in input images, improving object detection accuracy [100].

However, their large size and high memory requirements often render them unsuitable for scen-

arios such as implementing real-time object detection systems on resource-constrained devices

like FPGAs [101].
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Table 2.2: A summary of the discussed models from all categories, including Non-DNN-based

Detectors (NDD), DNN-based Two-stage Detectors (DTD), DNN-based One-stage Detectors

(DOD), and Transformer-based Detectors (TBD) (Part I).

Detection
Model

Year
Detector

Cat-
egory

Backbone
Net-
work

#Param
(M)

Required
GFLOPs

Best Reported
Performance

Dataset

Hardware
Platform
(software

imple-
mentation)

FPGA
Platform

(hardware
imple-

mentation)

Highlights

Accuracy
Latency
(ms)

FPS Size

VJ [69] 2001 NDD N/A N/A N/A

90%

(detec-

tion

rate)

N/A 15 384*288 MIT

CPU (Intel

Pentium

III)

Yes [70, 71]
Fast, simple, good for face

detection

DPM [72] 2008 NDD N/A N/A N/A 34% AP N/A N/A N/A VOC CPU Yes [73]

Objects are represented as

a collection of parts,

Effective for Complex

Objects

R-

CNN [74]
2014 DTD AlexNet N/A N/A

58.5%

mAP
47000 N/A 227*227 VOC

GPU

(NVIDIA

Titan Black

)

N/A

Uses CNN to extract

features from regions

proposed by region

proposal part, improved

accuracy compared to

traditional methods,

multi-stage pipeline, slow

Fast R-

CNN [31]
2015 DTD AlexNet N/A N/A

66.9%

mAP
2000 N/A 1000*600 VOC

GPU

(NVIDIA

K40)

N/A

Faster than R-CNN by

using a shared

convolutional layer to

process the entire image.,

multi-stage pipeline

Faster R-

CNN [32]
2015 DTD

VGG-

16
N/A N/A

69.9%

mAP
200 5 1000*600 VOC

GPU

(NVIDIA

K40)

Yes [75]

Faster than Fast R-CNN

by using a better selective

search algorithm,

end-to-end network

YOLO [1] 2016 DOD

Modified

Google-

Net

N/A 40.19
63.4%

mAP
25 45 448*448 VOC

GPU

(Geforce

GTX Titan

X )

Yes [76]

Introduced the concept of

dividing the image into a

grid and predicting

bounding boxes, real-time

performance with

moderate accuracy

SSD [2] 2016 DOD
ResNet-

101
N/A N/A

74.3%

mAP
N/A 46 300*300 VOC

GPU (

NVIDIA

Titan

X)

Yes [11, 56,
57, 77, 78]

Real-time object detector,

Utilized a set of default

bounding boxes at

different aspect ratios and

scales

DSSD [79] 2017 DOD
ResNet-

101
N/A N/A

81.5%

mAP
N/A 6.4 513*513 VOC

GPU (

NVIDIA

Titan

X)

N/A

An extension of SSD,

Improved accuracy by

adopting a deconvolution

layer to extract more

semantic information,

Slower than SSD

YOLOv2

[80]
2017 DOD

DarkNet-

19
193 34.90

76.8%

mAP
N/A 67 416*416 VOC

GPU

(Geforce

GTX Titan

X )

Yes [81–83]

Detection of a large

number of object

categories, Addressed

some limitations of

YOLO, such as

localization accuracy and

small object detection

YOLOv2-

tiny [80]
2017 DOD

DarkNet-

19
60.5 6.97

57.1%

mAP
N/A 207 416*416 VOC

GPU

(Geforce

GTX Titan

X )

Yes [7, 10,
58, 84, 85]

Lightweight and faster

alternative to YOLOv2,

optimized for real-time

performance on

resource-constrained

devices

SqueezeDet

[15]
2017 DOD SqueezeNet 26.8 77.2

80.4%

mAP
N/A 32.1 1242*375KITTI

GPU

(Geforce

GTX Titan

X )

N/A

Designed for efficient

object detection on

embedded systems by

reducing model size and

complexity

RetinaNet

[86]
2017 DOD

ResNet-

101-

FPN

N/A N/A
39.1%

mAP
90 5 600*600 COCO

GPU(NVIDIA

M40)
N/A

Addressed the imbalance

between foreground and

background classes with a

focal loss function

CornerNet

[87]
2018 DOD Hourglass N/A N/A

42.2%

mAP
224 N/A 511*511 COCO

GPU (Titan

X )
N/A

Detected objects as paired

keypoint locations

(top-left and the

bottom-right corners)

YOLOv3

[88]
2018 DOD

Darknet-

53
237 65.86

55.3%

mAP
29 35 416*416 COCO

GPU

(Geforce

GTX Titan

X )

Yes [8, 89]

Introduced multi-scale

detection and feature

pyramid network to

improve accuracy

YOLOv3-

tiny [88]
2018 DOD

Darknet-

53
33.8 5.56

33.1%

mAP
4.5 220 416*416 COCO

GPU

(Geforce

GTX Titan

X )

Yes [90–93]

Efficient and faster variant

of YOLOv3, offering a

good balance between

speed and accuracy on

embedded devices
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Table 2.3: A summary of the discussed models from all categories, including Non-DNN-based

Detectors (NDD), DNN-based Two-stage Detectors (DTD), DNN-based One-stage Detectors

(DOD), and Transformer-based Detectors (TBD) (Part II).

Detection
Model

Year
Detector

Cat-
egory

Backbone
Net-
work

#Param
(M)

Required
GFLOPs

Best Reported
Performance

Dataset

Hardware
Platform
(software

imple-
mentation)

FPGA
Platform

(hardware
imple-

mentation)

Highlights

Accuracy
Latency
(ms)

FPS Size

CenterNet

[94]
2019 DOD Hourglass N/A N/A

47%

mAP
340 N/A 511*511 COCO

GPU

(NVIDIA

Tesla P100)

Yes [95]
Predicting the center point

and regressing to the

object size and orientation

EfficientDet

[96]
2020 DOD EfficientNet 6.6 6.1

39.6%

AP
20 50 640*640 COCO

GPU (Titan

V)
N/A

Utilized a compound

scaling method to

efficiently scale the

network, balanced model

efficiency and accuracy.

YOLOv4

[33]
2020 DOD

CSPDarknet-

53
64.4 43.5

41.2 %

mAP
N/A 96 416*416 COCO

GPU(Tesla

V100)
Yes [97]

Introduced significant

architectural

improvements over

YOLOv3

YOLOv4-

tiny [98]
2020 DOD

CSPDarknet-

53
6.1 6.9

21.7 %

mAP
N/A 371 416*416 COCO

GPU(Tesla

V100)
Yes [92]

Optimized for real-time

detection with high speed,

providing improved

accuracy over previous

tiny models

DETR [24] 2020 TBD
ResNet-

50
41 86

42%

mAP
N/A 28 800*1200COCO

GPU

(V100)
N/A

Transformer

encoder-decoder,

streamlining the detection

pipeline, issues with

processing small objects,

too large

YOLOv7

[34]
2022 DOD

E-

ELAN
36.9 51.2

51.2%

mAP
N/A 161 640*640 COCO

GPU(Tesla

V100)
N/A

Outperforms all YOLO

versions in speed and

detection accuracy

YOLOv7-

tiny [34]
2022 DOD

E-

ELAN
6.2 13.8

35.2%

mAP
N/A 161 416*416 COCO

GPU(Tesla

V100)
Yes [99]

Enhanced speed and

accuracy for real-time

detection, featuring

optimized architecture for

edge devices

RT-

DETR [26]
2023 TBD

ResNet-

50
42 136

53.1%

mAP
8.8 108 1024*1024COCO GPU (T4) N/A

Good speed-accuracy

trade-off, eliminates

NMS, Supports flexible

speed tuning without

retraining, still too large

Non-DNN-based Detectors

Early works on object detection tasks were performed using handcrafted features. Viola and Jones

introduced the first real-time detector, called VJ detector, for human faces in the early 2000s [69].

Using sliding windows over the image to find out which windows contain a face and deploying

some techniques to speed up the algorithm, this detector was about 15 times faster than other

detectors at that time with comparable accuracy. However, in addition to the long training time,

the VJ detector was limited to performing binary classification.

In 2005, Dalal and Triggs proposed a more accurate detector, which was capable of detecting

more object classes, based on the Histogram of Oriented Gradients (HOG) [102]. HOG serves

as a feature descriptor, widely used for extracting features from input images in computer vision,

especially in object detection applications [102, 103]. Similar to methods such as Scale-Invariant

Feature Transform (SIFT) [104], which focuses on the structure of objects, HOG counts intensity

gradient orientation occurrences in localized regions of an image. In contrast to its equivalent

descriptors [104,105], HOG deals with a uniformly spaced array of cells forming a dense grid and

takes advantage of overlapping local contrast normalization to enhance detection performance.

An extension of the HOG detector [102] is the Deformable Part-Based Model (DPM), pro-
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posed by Felzenszwalb et al. [72] in 2008. DPM is one of the well-known non-DNN object detect-

ors, as it won several Pascal VOC detection challenges [50]. Following the “divide and conquer”

approach, DPM tries to decompose objects into parts during training and performs ensemble-

based inference on these components. It means that the problem of detecting an object can be

decomposed into detecting constituted parts of that object. Later, several improvements were

made by Girshick on the original DPM detector to enhance the accuracy as well as the speed of

detection [74, 106–108].

Efforts have been made to develop object detection systems on FPGAs using these types of

models [70, 71, 73]. However, in addition to offering low speed (up to 11.75 FPS, to the best

of our knowledge), since these detectors rely on fixed, handcrafted features, they often fail to

deliver high accuracy and robustness, particularly when detecting diverse objects in complex

backgrounds. As a result, they are not well-suited to achieve real-time performance for FPGA-

based object detection systems.

DNN-based Detectors

Object detection has witnessed a remarkable breakthrough after introducing deep neural networks

[109]. The ability to learn robust and high-level representations of images without any need for

handcrafted features (such as SIFT [104] and HOG [102]), which had limited accuracy of non-

DNN-based object detectors, motivated many researchers to leverage DNNs in vision tasks [110].

DNN-based object detectors can be divided into two categories: CNN-based and Transformer-

based detectors [111]. The architectures of CNN-based detectors have progressed from “two-

stage detectors” to “one-stage detectors”.

Object detectors incorporate a backbone network as a feature extractor to derive features from

input images. VGG [112], GoogleNet [113], EfficientNet [114], and DenseNet [115] are some

CNN architectures that can be adopted as backbones networks of object detectors. Recently, it has

been proven that in addition to CNNs, Transformers can also be deployed as backbone networks

in object detectors [116, 117].

2.a: Two-stage Detectors The Region-based Convolutional Neural Network (RCNN), intro-

duced by Girshick et al. [30, 74], marked the initial breakthrough in utilizing DNNs for object

detection. Based on this promising model, a new branch of object detectors emerged called

“Two-Stage Detectors.” As the name implies, these detectors are made up of two major stages:

1. Region proposal: to propose a set of candidate regions or bounding boxes likely to contain

objects of interest [118].

2. Classification and refinement: to perform classification for determining the presence of ob-

jects within each proposed region. If any object is detected in this stage, the corresponding

bounding box coordinates are refined for more accurate localization.

Several two-stage detectors have been proposed [31, 32, 66, 119, 120], but reviewing them is

beyond the scope of this survey. The existing implementations typically require more computa-

tional resources than one-stage detectors, particularly for the region proposal task, making them

less suitable for real-time object detection. Furthermore, considering their complex architectures

with a vast array of parameters, deploying these detectors on resource-constrained platforms such
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as FPGAs is a challenging task [39]. In an attempt to implement these types of detectors on

FPGAs, An et al. [75] implemented the Faster R-CNN algorithm [32] on an Arria-10 GX FPGA

board. However, the results indicated a high latency of 153.6 ms, which is typically considered

unsuitable for real-time performance.

2.b: One-stage Detectors Poor speed and complex architectures of two-stage detectors motiv-

ated researchers to develop detectors capable of performing object classification and localization

in one single-stage, called one-stage detectors. Although they usually suffer from poor accuracy,

especially in detecting small objects, compared to two-stage detectors [40], one-stage detectors

feature simpler architectures, higher speed, and adaptability to various scales [39]. These attrib-

utes make them suitable for many real-world vision tasks, especially when it comes to leveraging

resource-constrained devices.

YOLO family: In contrast to two-stage detectors, which treat object detection as a classific-

ation task, Redmon et al. [1] approached it as a regression problem by proposing the first version

of You Only Look Once (YOLO) architecture in 2016.

In YOLO, the entire image is passed through a CNN, where objects are classified and local-

ized directly. Initially, input images are divided into several cells, each responsible for predicting

multiple bounding boxes along with their corresponding confidence scores. Every bounding box

is defined by its coordinates, (x, y) representing the center of the box and (w, h) denoting its

width and height, respectively. For each bounding box, YOLO predicts class probabilities for

every category of objects. In addition, the confidence score indicates how confident the model

is that a bounding box contains an object of interest. Then, during the post-processing, redund-

ant and low-confidence bounding boxes are removed, keeping only the most confident and non-

overlapping predictions. YOLO provides a set of bounding boxes, each containing a class label

and a confidence score, as output.

Li et al. [76] showed the feasibility of deploying YOLO on FPGAs for developing real-time

object detection systems. They achieved about 44x inference speedup on a ZYNQ7035 compared

to an Intel Core i5-6200U CPU, demonstrating promising results for real-time performance.

While it can detect multiple objects at a high speed, making it suitable for real-time vision

applications, YOLO suffers from poor localization accuracy, especially for small objects [80]. So

far, many different versions and variants of YOLO have been developed, each improving perform-

ance and efficiency. Among all, YOLOv2 [80], YOLOv3 [88], YOLOv4 [33], and YOLOv7 [34]

are briefly discussed in the following. Although several diverse and newer versions of YOLO

have been introduced at the time of writing this paper [121, 122], it was not feasible to review

all of them due to the extensive volume of content. Therefore, we have restricted our discus-

sion to the versions introduced by the main YOLO research group that have been considered for

implementation on FPGAs thus far.

Unlike its predecessor, which utilized GoogleNet [113] as its backbone network, YOLOv2

adopts a less complex and lighter architecture called DarkNet-19, with 19 convolutional and 5

max-pooling layers [123]. Leveraging the Batch Normalization technique [124], which acceler-

ates the optimization process, and anchor idea1 [32], the generalization capability was improved

in this version. These enhancements made the model more powerful in predicting objects of

1Anchor boxes are predefined boxes with various aspect ratios and scales. They are utilized to align the predicted

bounding boxes with the actual objects present in the image.



i

i

i

i

i

i

i

i

16 2. Real-Time Object Detection on FPGAs

varying scales and shapes. Overall, YOLOv2 significantly enhanced the performance of YOLO,

achieving advancements in speed (by at least 30%), accuracy (approximately 22% on the Pascal

VOC dataset [50]), flexibility, and its capability to handle a wider range of object categories [80].

Numerous successful efforts have deployed YOLOv2 on FPGAs to develop real-time object

detection systems [7, 10, 58, 81–85] , demonstrating its significant capability in this area. For

instance, Nakahara et al. [81] deployed a simplified YOLOv2 model on a ZCU102 FPGA board,

achieving a throughput of 35.71 FPS, a promising processing speed in various fields such as video

surveillance. Other recent works are reviewed in this study.

To further improve detection accuracy and speed, YOLOv3 [88] adopts Darknet-53 [125], a

deeper (53 convolutional layers) and more complex architecture than Darknet-19 [80,123]. Also,

unlike YOLOv2 [80], in which all anchor boxes have the same size, YOLOv3 uses anchor boxes

in different scales and aspect ratios. Overall, YOLOv3 shows better detection accuracy, especially

for small objects, compared to its ancestors.

Like YOLOv2, YOLOv3 is also popular in developing real-time object detection systems

using FPGAs [8, 89–92]. Wang et al. [89], demonstrated that deploying this model on FPGAs

could lead to higher throughput by 6.5x and lower power consumption by 5x compared to running

the same model on a GeForce GTX1080 GPU. In another effort, Yu et al. [90] showed that a tiny

YOLOv3 model could be deployed to develop object detection systems with low latency, a crucial

parameter for achieving real-time performance, even on low-end FPGAs.

In YOLOv4 [33], many techniques are integrated to improve both accuracy and speed. By

combining some methods, such as Weighted-Residual-Connections (WRC), Cross-Stage-Partial-

connections (CSP), and Cross mini-Batch Normalization (CmBN), YOLOv4 achieve improved

results in detection accuracy (up to 43.5% mAP on MS COCO [51]) at a speed of 30 frames per

second (FPS) and higher on a GPU-based platform (see Tables 2.2 and 2.3). Using WRC, it

becomes feasible to amplify the influence of crucial features acquired from preceding layers onto

the current layer. This enhancement results in improved performance compared to using simple

residual connections. CSP aims to lower computational complexity by splitting the feature map

of the base layer into two sections and then merging them after further computations are executed

on only one branch. CmBN, a variation of standard Batch Normalization [124], normalizes the

model’s activations based on the assumption that each batch consists of four mini-batches. This

method gathers statistics only between mini-batches within a single batch, making YOLOv4 more

efficient in both training and testing.

YOLOv4 is a practical choice for real-time FPGA-based object detection systems [92, 97],

thanks to its efficient design and optimal balance between accuracy and speed. This study offers

an in-depth analysis of the results obtained from recent advancements in this field.

YOLOv7 [34] outperforms all previous YOLO versions in speed and detection accuracy. The

remarkable results are attained through optimizing model architecture, employing advanced train-

ing strategies, and utilizing efficient feature extraction techniques. These innovations enhance ac-

curacy without significantly increasing inference costs. Additionally, this model can use paramet-

ers and computation more effectively by leveraging some proposed techniques such as compound

scaling. The introduced compound scaling aims to allow developers to customize key model at-

tributes, such as width, depth, and resolution, based on the desired application requirements and

the characteristics of the target computing device while maintaining the initial model properties.

YOLOv7 is another viable option for developing real-time object detection systems on FP-
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GAs [99], offering state-of-the-art accuracy, an optimized design for faster inference, and ad-

vanced techniques like compound model scaling that ensure compatibility with FPGA resource

constraints.

SSD: Early YOLO models suffered from poor accuracy compared to two-stage detectors. The

Single Shot Multibox Detector (SSD), proposed by Liu et al. [2], was the first one-stage detector

that achieved accuracy comparable to two-stage detectors while operating at real-time speeds on

GPUs.

The backbone network in SSD is based on VGG-16 [112] with a few customizations. In

particular, some fully connected layers are replaced with convolutional ones, and more multi-

scale convolutional layers are added at the end of the network to improve detection performance.

In SSD, the predictions are made based on features extracted at different convolutional layers.

This strategy helps the model detect objects of different scales and sizes more efficiently since

every layer can provide different semantic information. In addition, a fast Non-Maximum Sup-

pression (NMS) technique [126] is deployed at every stage to remove redundant bounding boxes.

This leads to reduced computation compared to using NMS only at the final stage. (NMS works

by selecting the bounding box with the highest confidence score and suppressing all other boxes

with significant overlap, ensuring only the most accurate detections are retained.)

SSD’s lightweight architecture, single-stage detection pipeline enabling fast inference, scalab-

ility across various input resolutions, and compatibility with FPGA-friendly optimizations such

as quantization and pruning make it a widely adopted model for FPGA-based real-time ob-

ject detection. As discussed later in this study, the favorable results achieved in recent works

[11, 56, 57, 77, 78], strongly support its popularity in this domain.

Later, Deconvolutional SSD (DSSD) [79] was introduced to improve the accuracy of SSD in

detecting small objects by adopting a deconvolution layer 2 to extract more semantic information.

However, this improved accuracy comes at the cost of slower inference speed than SSD.

CenterNet: One problem with keypoint-based detectors is that they generate many incorrect

object bounding boxes, mainly because they do not examine the cropped regions [94]. Duan et

al. [94] proposed a new keypoint-based object detection named CenterNet to address this issue.

In this detector, a third keypoint, i.e., the center of each object, is also predicted, leading to

detection accuracy improvement up to 4.9% on the MS COCO dataset [51]. In addition, two

customized pooling layers are introduced to provide more precise and recognizable information

about the top-left and bottom-right corners, as well as the center of each object.

solovyev et al. [95] achieved promising results (about 19 FPS) by deploying CenterNet on a

Cyclone V FPGA, demonstrating the potential of this model towards developing real-time object

detection on FPGAs.

In the following, other one-stage detectors listed in Table 2.2 and 2.3 are briefly discussed.

While these models demonstrate potential for deployment in real-time object detection systems

based on their characteristics and performance, as summarized in the table, to the best of our

knowledge, no FPGA implementations of them have been reported in recent publications.

SqueezeDet: SqueezeDet [15] is a lightweight, fully CNN-based object detector proposed by

the developer of SqueezeNet DNN architecture [127] in 2017. Initially designed for autonom-

2Unlike convolution layers, where the input image is downsized through convolution with a kernel, deconvolution

layers perform the reverse process.
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ous vehicles, SqueezeDet aimed to achieve reasonable accuracy at real-time speed on resource-

constrained devices.

In addition, this model addresses some other concerns related to such devices, such as model

size and power efficiency. It also adopted SqueezeNet as its backbone network, with the architec-

ture consisting of a single forward-pass neural network, making it an effectively lightweight and

fast single-stage detector

RetinaNet: Recognizing the significant class imbalance as a primary factor leading to lower

accuracy in one-stage detectors compared to two-stage ones, Lin et al. [86] introduced a new loss

function, named “Focal Loss”, to tackle this issue. Focal Loss can address the class imbalance

bottleneck by reducing the loss contribution from well-classified examples, enabling the model to

prioritize and focus on difficult-to-classify instances.

Based on the proposed loss function, they introduced Retina-Net which concentrates more

on misclassified examples during the training phase, resulting in a remarkable accuracy improve-

ment. In addition, this model takes advantage of ResNet [128] (ResNet-50 and ResNet-101)

followed by a Feature Pyramid Network (FPN) [129] as its backbone network. Deploying FPN

helps Retina-Net detect objects of different scales and dimensions more accurately (40.8% AP on

COCO [51]).

CornerNet: The main idea of CornerNet [87] is finding two corners of each object, as keypo-

ints, instead of dealing with anchor boxes to perform object detection. A single CNN is utilized

to predict two separate heatmaps and one embedding vector for each predicted corner, covering

both the top-left and bottom-right corners. Heatmaps are binary masks that indicate the locations

of a class’s corners, and embeddings are numerical vectors that group the corners associated with

each object.

Law and Deng [87] also introduced a novel pooling layer, called Corner Pooling, to enable

the proposed model to localize corners more accurately. Compared to its contemporary one-stage

detectors, CornerNet shows a competitive accuracy of 42.2% AP on the MS COCO dataset [51].

EfficientDet: In 2020, Tan et al. [96] introduced several optimization methods to improve

the efficiency of existing object detectors. These methods include a novel FPN, called Weighted

Bi-directional Feature Pyramid Network (BiFPN), and a compound scaling method. While Bi-

FPN effectively enables the model to perform multi-scale feature fusion, the compound scaling

method can simultaneously and consistently scale the depth, width, and resolution of different

parts of the model. By deploying EfficientNet [114] as the backbone network and integrating

these optimization techniques, EfficientDet [96] was introduced.

This model can achieve remarkable accuracy (55.1% AP on MS COCO [51]) with signi-

ficantly fewer parameters (up to 9x fewer) and reduced computation (up to 42x fewer FLOPs)

compared to previous state-of-the-art object detectors. These advancements make EfficientDet an

appealing choice for resource-constrained platforms.

Overall, CNN-based one-stage object detectors, particularly the YOLO family and SSD mod-

els, play a crucial role in real-time object detection on FPGAs due to their efficient architectures

and high-speed processing. Unlike two-stage detectors that separate object proposal and classi-

fication stages, one-stage detectors integrate these tasks, enabling faster inference times—a key

requirement for real-time applications. The combination of their streamlined architectures and

FPGA capabilities results in high throughput, low latency, and power-efficient designs, making

them highly attractive for real-time object detection systems. Deploying these models on FPGAs
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supports applications like autonomous vehicles, robotics, and surveillance systems, where speed

and accuracy are paramount.

2.c: Transformer-based detectors In addition to the above-mentioned deep learning-based

objection models, i.e., CNN-based one-stage and two-stage detectors, Transformer-based object

detectors have recently attracted remarkable attention in the computer vision field, especially for

object detection tasks [130]. However, despite demonstrating excellent performance results, as

shown in Tables 2.2 and 2.3, transformer-based object detectors are not well-suited for FPGA

implementations due to their high computational complexity and memory demands. To the best

of our knowledge, no FPGA-based real-time object detection implementations of these models

have been reported.

From an architectural perspective, these detectors can be considered a subset of one-stage

detectors. However, due to the distinct model structure, we review this category of detectors

separately.

Transformers are a type of deep-learning model originally proposed for performing sequence-

to-sequence tasks in Natural Language Processing (NLP) [131]. They are taking advantage of the

self-attention mechanism, enabling them to identify and weigh the significance of different parts

of the input data. As a result, Transformers can discover long-term dependencies and complex

patterns within a sequence.

The recent achievements of transformers in NLP have prompted researchers to investigate

their capabilities in the field of computer vision as well [132]. In this context, some studies have

explored the integration of Transformers with CNN-based architectures [24, 133], whereas some

endeavors have focused on constructing the entire model solely using Transformers and without

incorporating any CNN network for feature extracting [117, 134, 135]. In the following, some of

these efforts are briefly reviewed.

DETR: In 2020, Carion et al. [24] proposed the first end-to-end object detection model that

leverages Transformers, named DEtection TRansformer (DETR). They introduced a novel ap-

proach for object detection, treating it as a direct set prediction task. Also, the proposed method

simplifies detection by eliminating the need for hand-designed parts such as non-maximum sup-

pression or anchor generation.

DETR utilizes a transformer encoder-decoder architecture. By reasoning about object rela-

tions and global image context, DETR outputs the final set of predictions in parallel using a fixed

small set of learned object queries.

It achieves accuracy and runtime performance comparable to Faster RCNN [136] on the MS

COCO dataset [51]. However, the practical application of DETRs is constrained by their high

computational cost [26]. DETRs also show poor performance in detecting small objects [137].

Numerous modifications have been introduced thus far to tackle the challenges associated with

DETR. [25, 138, 139].

RT-DETR: In 2023, Zhao et al. tried to reduce the computation complexity of DETR [24] to

make it suitable for real-time object detection [26]. Based on those efforts, they proposed the first

real-time end-to-end object detector, called Real-Time DEtection TRansformer (RT-DETR).

They improved the encoder part of DETR to be able to process multi-scale features. In addi-

tion, an Intersection over Union (IoU)-aware query selection component was proposed to enhance

the initialization of object query.
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RT-DETR outperforms other real-time detectors and end-to-end detectors of comparable size,

excelling in both speed and accuracy (up to 54.3% AP on COCO [51]) and 108 FPS) to achieve

state-of-the-art performance. Furthermore, the proposed detector allows for adaptable adjustment

of inference speed by utilizing different decoder layers without any need for retraining. This

feature is extremely useful for the practical implementation of real-time object detection systems.

2.d: Object Detectors based on Vision Transformers ViT: Prior to the introduction of Vis-

ion Transformer (ViT) by Dosovitskiy et al. [117] in 2020, attention mechanisms were primarily

utilized for vision tasks in conjunction with CNNs. In computer vision, “attention” refers to ex-

amining the relationships between pairs of input image tokens or patches. This mechanism allows

the model to prioritize relevant input features, aiding in capturing more informative representa-

tions of the input image.

Although some researchers tried to replace convolutional architectures with Transformers

[134, 135], those models were not efficient enough for deploying on existing hardware accelerat-

ors. That was mainly because of utilizing customized attention patterns. However, ViT demon-

strated that a pure Transformer could effectively perform image processing by treating it as se-

quences of patches without relying on CNNs [117]. The straightforward and scalable approach

in ViT proves remarkably effective, particularly when combined with pre-training on extensive

datasets.

As a result, Vision Transformer not only meets but often surpasses the performance of state-

of-the-art CNNs [117]. This breakthrough opened the door to more widespread exploration of

Transformer-based models for various computer vision tasks.

In an effort, for instance, developing a Transformer-based object detector by combining ViT

and DETR [24] showed promising results [140].

Swin Transformer: Swin Transformer [116], introduced by Liu et al. in 2021, is a vision

Transformer, basically designed as a backbone network for computer vision tasks. To address the

challenges of applying Transformers to computer vision tasks—such as the varied scale of visual

entities and higher image resolutions compared to texts—the authors introduced a hierarchical

Transformer using Shifted windows.

Swin Transformer enhances efficiency by confining self-attention to non-overlapping local

windows while enabling cross-window connections. Its hierarchical design approach accommod-

ates various scales and maintains linear computational complexity relative to image size. Swin

Transformer demonstrates its versatility across image classification, semantic segmentation, and

object detection tasks, achieving state-of-the-art performance on the MS COCO dataset. [51].

The results show the potential of Transformer-based models as effective vision backbones,

especially with the hierarchical design and the shifted window approach, which also benefits all-

MLP (multi-layer perceptron) architectures.

2.2.2 Soft and Hard Real-time Constraints

Real-time systems are those in which the accuracy of performance is determined by both the

logical results of computation and the timeliness of producing those results [141,142]. Today, they

play a key role in many applications, such as robotics, manufacturing, healthcare, and autonomous

driving systems.
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Real-time systems ensure that tasks are executed within a precise and predictable time frame,

making these systems safe, predictable, and reliable [20]. The predictability of real-time sys-

tems can be measured by evaluating the existing latency and its variation between iterations, also

known as jitter [20].

Another important feature of real-time systems is their ability to manage real-time and non-

real-time tasks to prevent system failure [143]. For example, in a self-driving system equipped

with an object detection system, the system must be able to prioritize sending a warning signal to

the central control system when detecting an obstacle rather than displaying it on the screen.

Real-time systems can be classified into two main categories as follows:

• Soft real-time systems: They are characterized by possible performance degradation rather

than complete failure when response time constraints are not met [144].

• Hard real-time systems: These are systems in which failure is inevitable if response-time

constraints are not met.

More precisely, in hard real-time systems, missing a deadline may have dangerous con-

sequences, such as human injury, equipment damage, or even death [143]. This makes it crucial

to ensure deterministic and predictable behavior. In autonomous vehicles, for instance, timely

processing of input data is crucial for collision avoidance and safe navigation. These systems

must process data from various sensors and analyze received images in real time to detect ped-

estrians, other vehicles, and obstacles in the path. This example highlights the significance of a

hard real-time system for executing object detection, which is crucial for ensuring the safety of

both passengers and pedestrians.

Designing real-time systems across different domains involves addressing various considera-

tions [145–148]. As highlighted earlier, contemporary approaches heavily rely on CNN models in

the context of real-time object detection systems, which is our focus in this study. A crucial chal-

lenge in implementing these systems, particularly on embedded platforms, is achieving a delicate

trade-off between accuracy and speed to satisfy real-time requirements [26, 149, 150].

To that end, a range of techniques can be employed, including algorithmic and hardware im-

plementation strategies, such as quantization and model pruning [37,151,152]. These approaches

aim to optimize computational efficiency while preserving adequate accuracy for timely and reli-

able object detection. These methods are investigated in more detail in this study.

2.2.3 Evaluation Metrics and Datasets

Common Datasets

Datasets are crucial in developing object detection models, including training and evaluation

phases. During the training process, models learn to recognize patterns and features associated

with different objects based on many example data provided by a dataset. Utilizing a diverse, ex-

tensive, and well-structured dataset for training can significantly improve the model’s capability

to detect unseen objects during inference [48].

Datasets are also used to evaluate the performance of an object detection model and compare

it with others [110].

Below, we briefly discuss the commonly used datasets in the field of object detection. Table 2.4

summarizes the key characteristics of these datasets.



i

i

i

i

i

i

i

i

22 2. Real-Time Object Detection on FPGAs

Table 2.4: A summary of the commonly-used datasets in the context of object detection

Dataset
# of

classes
# of

images
# of annotated

objects
Examples of object

types
Tasks

ImageNet

[109]
20K 14M 1M (with Bbox)

animals, everyday objects,

natural scenes, plants,

people, food, abstract

concepts

image classification,

object detection

MS

COCO [51]
91 328K 2.5M

animals, person, everyday

objects, vehicles, food,

sport equipment

object detection, image

segmentation

Pascal

VOC

07 [50]

20 9963 26640
person, animals, vehicles,

and indoor objects

object detection, semantic

segmentation, image

classification

Pascal

VOC

12 [55]

20 11K 27450
person, animals, vehicles,

and indoor objects

object detection, semantic

segmentation, image

classification

ImageNet ImageNet [109] is a large-scale dataset commonly used in object classification and

detection models. It has also been considered the main benchmark in the ImageNet Large Scale

Visual Recognition Challenge (ILSVRC) [153] for object detection and image classification. It

contains over 14 million images annotated in one of two ways: image-level or object-level. The

former indicates whether or not an object class exists in the image, while the latter provides a

bounding box and class label for every object instance in the image.

MS COCO Microsoft Common Objects in Context (MS COCO) dataset, introduced in 2014

by Lin et al. [51], is a large visual dataset widely used in computer vision tasks, such as object

detection and image segmentation. It contains 2.5 million labeled instances in 328K images of

91 different object categories, including everyday objects and humans. It is primarily prepared

for the detection and segmentation of objects that appear in their natural surroundings, containing

more classes and instances compared to PASCAL VOC [55]. After years, this dataset remains

one of the most popular choices in the field of computer vision, with its usage continuing to grow.

In 2023 alone, it was referenced in over 2200 articles [154].

Pascal VOC The Pascal Visual Object Classes (VOC) dataset [50, 55] is widely used in object

detection, semantic segmentation, and image classification tasks. Two more popular versions of

this dataset are VOC 2007 [50] and VOC 2012 [55]. The former contains 20 object classes, in-

cluding persons, animals, vehicles, and some indoor stuff, in 9,963 images with 24,640 annotated

objects. The latter’s number of categories has remained unchanged, while it contains more data:

over 11K images with 27,450 Region of Interest (ROI) annotated objects.
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Performance Metrics for Real-time Object Detection

Various parameters, including accuracy, processing throughput, model complexity, and inference

time, can be employed to measure the efficiency and performance of object detection models and

systems. Table 2.5 shows some commonly used metrics for evaluating object detection models.

Considering this study’s primary focus, this section only discusses metrics that are more relevant

to assessing real-time object detection systems, particularly those that are more important when

FPGA implementation is concerned. To better understand other useful metrics in this context,

such as Intersection over Union (IoU) and Average Precision (AP), it may be helpful to review

Appendix A.

Table 2.5: A summary of commonly used metrics for evaluating object detection models.

Metric Measure of

Intersection over Union

(IoU)
Localization accuracy

mean Average Precision

(mAP)

Detection (localization and classification) accur-

acy

Frames Per Second

(FPS)
Processing throughput

Number of required FLoating-point OPerations

(FLOPs)
Computational complexity

Number of trainable parameters
Computational complexity and memory foot-

print

Latency Inference time

One popular evaluation metric in the context of object detection is mean Average Precision

(mAP). Several object detection algorithms, including Faster R-CNN [32] and YOLO [1], em-

ploy mAP for assessing their models. It serves as a standard metric in various benchmark chal-

lenges like Pascal VOC [50, 55]. mAP evaluates detection accuracy across multiple classes and

indicates the average of AP (see Appendix A) across all classes. Equation 2.1 shows how mAP is

obtained for N classes of objects, where the APk is the AP of class k.

mAP :=
1

N

N
∑

k=1

(APk) (2.1)

Another key metric for evaluating object detection systems is the number of frames the model

can process, which is, in fact, a measure of the speed and efficiency [155]. This factor, called

frame rate, is measured as Frames Per Second (FPS) and is directly related to the term “real-time”

in real-time object detection systems. When discussing “real-time” object detection models, it is

crucial to first provide a clear and precise definition of what they are.
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According to the discussion provided in section 2.2.2, the word “real-time” has a specific

definition and does not mean simply being “fast”. However, an inaccurate definition of real-time

object detection systems and models is sometimes used. This definition may focus only on speed

or processing throughput and consider meeting a certain frame rate (e.g., 30 FPS) sufficient to

classify a system as real-time. However, it should be evaluated according to specific criteria

depending on the requirements of the application. For example, a system that detects objects at

30 FPS for a self-driving car traveling at speeds of 110 km/h or higher cannot meet the criteria

for a hard real-time system. This is because, at such a speed, the distance to objects changes by

approximately 1 meter (for stationary objects) in each frame interval. Therefore, although speed,

or processing throughput, is an important factor in assessing object detection systems, it should

not be considered the only criterion for categorizing a system as real-time or non-real-time.

Although the frame rate metric can provide valuable insight into real-time object detection

system performance, it alone may not offer a complete picture, particularly when comparing

systems that process images of varying resolutions. To address this limitation, we introduce

pixel throughput, as defined in Equation 2.2, to evaluate the performance while processing video

streams or images. Pixel throughput is calculated as the product of the achieved frame rate (FPS)

and the number of pixels per frame, capturing both the temporal and spatial aspects of system

performance.

⟨Pixel Throughput⟩ = ⟨Frame Rate⟩ × ⟨Pixel Per Frame⟩ (2.2)

This metric, measured in Mega Pixels Per Second (MPPS), allows for a more fair comparison

between works that evaluate implementations that use different image sizes.

There are some other key parameters that can be used to evaluate object detection systems,

which are particularly important when it comes to achieving real-time performance on resource-

constrained devices. They include computational complexity, number of parameters, and latency

[155–157].

The computational complexity of an object detection model can be represented by the number

of FLoating-point OPerations (FLOPs) required for inference. Although higher FLOPs can result

in higher accuracy, it directly affects the number of required computational resources and the

model’s speed [155].

The number of trainable parameters of a model can also show the model’s complexity as well

as memory footprint [155]. Memory footprint means how much memory we need to store all the

parameters of a model. This metric can directly affect the power consumption and processing

performance of the system. In fact, when the model parameters exceed the capacity of available

on-chip memory of the target device, resorting to off-chip memory becomes unavoidable, a com-

mon scenario in real-world object detection systems. As the rate of memory access increases,

system speed decreases while power consumption rises. [156].

Generally speaking, latency refers to the duration it takes for a system to generate output after

input is received [156]. It quantifies the delay in the response of a digital system. Typically meas-

ured in milliseconds (ms) [26,58], A greater latency value indicates a slower system performance.

Likewise, in an object detection system, latency indicates the time required for the model to ana-

lyze an image and provide information about the identified objects. Especially in real-time object

detection systems, it is a crucial metric in system evaluation and a critical parameter for improve-

ment if needed [58, 156].
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2.3 FPGA Basics and Applications in Object Detection

2.3.1 FPGA Overview

Basics

Field-Programmable Gate Arrays (FPGAs) are popular devices for implementing digital hardware

circuits [158]. Advances in process technology have significantly boosted the logic capacity of

FPGAs, making them more attractive for larger and more computationally intensive designs [159].

For a brief discussion on FPGA architecture and design approaches, refer to Appendix B.

Why FPGAs?

The hardware reconfigurability of FPGAs, combined with their capacity for optimization based

on specific needs, makes them suitable for a wide range of applications, including digital signal

processing [160], medical imaging [161], and communication encoding [162].

Thanks to their reprogrammable and versatile characteristics, FPGAs enable developers to

customize and adapt systems to meet specific application requirements [163]. Also, unlike pro-

cessors, which typically support one or multiple predefined data types, FPGAs offer the flexibility

to accommodate various custom data types with different sizes within a single design. This capab-

ility allows FPGA designers to adopt mixed-precision designs tailored to the specific requirements

of the target application.

Moreover, FPGAs provide true parallelism, making them well-suited for implementing soph-

isticated and compute-intensive algorithms while achieving satisfactory latency and through-

put [164]. In addition, regarding power efficiency, FPGAs are considered appropriate platforms

for achieving high performance per watt [165, 166].

Furthermore, FPGAs can simultaneously receive input data from diverse and multiple sources,

each potentially working with different data types and communication standards [167]. It is an

important feature, particularly in numerous real-world applications like real-time object detection,

where connectivity with other sensors and cameras is often necessary [168].

An essential aspect to consider is the comparison of FPGAs with other hardware platforms.

Table 2.6 provides a comprehensive comparison of FPGAs with Application-Specific Integrated

Circuits (ASICs), Graphics Processing Units (GPUs), and Central Processing Units (CPUs) across

various criteria. In summary, FPGAs can offer strong parallel processing capabilities, flexibility,

and low latency, making them suitable for, e.g., inference phases of CNN-based object detection

but with higher initial costs. ASICs, on the other hand, excel in performance, power efficiency,

and latency but lack flexibility and have high development costs, making them ideal only for mass

production and specific tasks. GPUs are effective for parallel processing and training phases of

AI but consume more power and exhibit longer latency. CPUs are versatile, cost-effective for

general-purpose tasks, and have a mature development ecosystem but are generally less efficient

for parallel processing and AI training compared to GPUs and ASICs.

2.3.2 Applications of FPGAs in Computer Vision-Object Detection

Computer Vision (CV) tasks typically involve techniques for capturing, processing, interpreting,

and comprehending digital images or videos [169]. One of the most demanding CV tasks in this
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field, which is also our focus in this work, is Object Detection (OD).

A typical solution is to use efficient designs like FPGA-based systems to achieve real-time

performance and meet latency constraints. In the following, we analyze the architecture of such

systems. For a brief overview of FPGA architecture, refer to Appendix B.

In such systems, input data is received using one or more imaging sensors [170]. These

sensors can be categorized into two types based on how their output is generated: frame-based

and event-based [171]. The former can generate output, i.e., images, at specific intervals or frame

rates, while in the latter, each pixel can independently respond to local alterations in light intensity

that exceeds a given threshold [171]. Although the predominant focus in OD research relies on

frame-based sensors, there is increasing attention to the development of algorithms for event-

based computer vision [172] [171] [173]. Depending on the desired application, OD algorithms

extract useful and meaningful information from the received image(s) to enable the system to

make decisions or just to visualize the manipulated input data.

Figure 2.4 illustrates a typical and abstract block diagram of a computer vision system, where

raw visual data is captured from cameras or sensors in the Data Acquisition unit. The data is then

pre-processed and prepared (in the Data Pre-processing unit) for the next module, i.e., Feature

Extraction unit. Data normalization, data enhancement, and color space conversion are some

tasks that may be executed during data pre-processing [174, 175]. Depending on the application

of interest, relevant patterns and features are then extracted to be analyzed and processed by the

main OD algorithm in the next module, i.e., Data Processing and Analysis unit. The results can

be interpreted and used in the subsequent unit to make a decision or trigger an appropriate action

(Decision Making and Control). For instance, if an object is identified, it might trigger a robotic

arm to pick it up. Finally, the results should be prepared to be transmitted to another system or

utilized locally (Output Preparation unit).

Figure 2.4: Typical structure of a computer vision system.

FPGAs or other co-processors can be integrated into the workflow shown in Figure 2.4 to

accelerate the processing, resulting in an arrangement similar to Figure 2.5.

Object detection includes a broad range of applications and tasks, such as image classifica-

tion, medical image analysis, and facial recognition, to name a few [176–178]. As discussed in

section 2.2.1, deep-learning approaches, specifically using deep Convolutional Neural Networks,

are increasingly used for accomplishing these tasks. However, they require high computational

complexity and power consumption [41]. With all these in mind, as FPGAs can offer high per-
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Figure 2.5: An example of FPGA co-processing architecture: images are captured by the CPU,

and FPGA is used to accelerate the task. In comparison with the typical structure of a CV system

shown in Figure 2.4, here, two tasks, i.e., the tasks performed in blocks 3 and 4, are done on the

FPGA side. The white blocks represent the tasks run in the software. The green blocks indicate

hardware units implemented on FPGA, and the light yellow blocks denote hardware units within

the system.

formance and determinism as well as low latency systems, they are one of the popular platforms

frequently adopted in OD systems [179,180]. In addition, since FPGAs offer true parallelism, they

are suitable for the implementation of inherently parallel, sophisticated, and compute-intensive al-

gorithms in a way that the required latency and throughput needed in many OD tasks like real-time

object detection are satisfied [181–183].

Depending on the type of deployed OD algorithm, the system specifications, and the intended

application requirements, three main use cases for FPGAs in OD systems may be considered.

1. In the first use case, FPGAs can work as accelerators or co-processors alongside the main

processor [179, 184], as shown in Figure 2.5. In this case, some parts of an OD system

capable of being accelerated or optimized on hardware, specifically the feature extraction

and the processing modules, can be offloaded to an FPGA to make the system more effi-

cient. The input data/image is considered to be acquired through the CPU in this use case.

Therefore, this architecture is commonly used when devices like “GigE Vision” feed the

system [185] and USB3 cameras as their acquisition logic can optimally be executed in

CPUs [184, 186]. The data can be exchanged between the FPGA and the host memory via

Direct Memory Access (DMA).

2. In the second scenario, similar to the first one, the FPGA and CPU collaborate as a co-

designed, heterogeneous OD system. However, in this case, the acquisition logic is im-

plemented on the FPGA side. This architecture is particularly adopted in OD systems

equipped with cameras, such as “MIPI cameras” [187], for which acquisition logic is eas-

ily implemented on FPGAs [188]. In this scenario, the data pre-processing unit is typically
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implemented in the FPGA, resulting in reduced data transfer and improved overall perform-

ance [188].

3. Another use case is an OD system based only on an FPGA [93]. In a more complex scen-

ario, a cluster of FPGAs can be considered. This architecture is more suitable for ap-

plications in which communication with connected devices through FPGAs is easier, and

hardware implementation of the entire system units can result in better or at least similar

to their software counterparts, providing a system with low latency and significantly high

performance, in term of both power and throughput [93].

2.3.3 FPGA Platforms for Accelerating Object Detection

Although there are several FPGA suppliers worldwide, the FPGA market is dominated by AMD

(formerly Xilinx) and Intel (formerly Altera) [183]. These two companies provide a broad range

of FPGA devices for applications ranging from aerospace to data centers [193, 194].

Over the past decade, following significant breakthroughs in AI and its applications across

various fields, such as object detection, there has been a growing trend to enhance the performance

of AI-based systems using hardware accelerators.

In response, FPGA manufacturing companies have introduced a wide range of FPGA devices

to facilitate the design and deployment of FPGA-based AI systems [193, 194]. Table 2.7 lists

commonly used FPGA boards in recent works for the implementation of real-time object detec-

tion models, detailing their available resources. They continuously introduce high-performance

FPGAs enhanced with AI capabilities and tools tailored for this new era. Key characteristics of

these FPGA devices include better performance per watt, higher memory bandwidth to alleviate

bottlenecks in memory-bound AI-based object detection models, and dedicated units for execut-

ing compute-bound AI models more efficiently [193–195].

In addition, these FPGA manufacturers offer various tools and frameworks to bridge the gap

between AI model development and FPGA design flow. By utilizing these frameworks, designers

can seamlessly develop object detection models using popular libraries like TensorFlow and Py-

Torch, evaluate the preliminary models, optimize them for the target FPGA device, and compile

the final models for integration into the FPGA design [193, 194].

2.4 FPGA-based Designs

This section begins by examining two primary hardware architectures—single computation en-

gine and streaming architectures—commonly considered for FPGA-based object detection sys-

tems. It then explores various acceleration techniques, categorized into model-related and implementation-

related approaches, that can enhance performance across key metrics, including throughput, ac-

curacy, and power consumption.

Following this, the section assesses the impact of each acceleration technique on system per-

formance, particularly within real-time object detection contexts.
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Table 2.8: A summary of two FPGA architecture design approaches for implementing object

detection models.

Architecture
Type

Highlights
Related
Works

Single compu-

tation engine

Uses one single computation block to perform all parts

of the model, prioritizes flexibility over customization,

uses time-shared computation resources, adaptable to

various object detection models, less efficient, bottle-

neck in memory bandwidth (Figure 2.6)

[57,78,82,

196–198]

Streaming

Uses specialized blocks tailored for each part of the

model, can take advantage of pipeline design, less ad-

aptable to different models, faster, more resource con-

sumer (Figure 2.7)

[7, 58, 97,

199]

2.4.1 FPGA architecture design approaches

The hardware architectures employed in FPGA-based object detection systems can be categorized

into two main types, mirroring the classification outlined in [3]: single computation engine and

streaming architecture (see Table 2.8).

Single Computation Engine Architecture

The single computation engine design approach, also known as the one-size-fits-all, prioritizes

flexibility over customization [3]. It takes advantage of a single computation engine, often in the

form of a systolic array of Processing Elements (PEs) [200], to perform all layers of an object

detection system sequentially [3, 57].

Figure 2.6 shows an example of adopting a single computation engine accelerator in which

one operation unit is configured and deployed for performing all layers one after the other in time

(not in space). The data is transferred between the FPGA and host memory via the DMA unit.

There is also a “control unit” on the FPGA side, responsible for managing all executions. This

unit receives instructions from the host side, where the central operational controller exists.

Single computation engine-based architectures temporally share common computation re-

sources across different layers [58]. In such a scenario, the unit is time-shared, but we save

resources compared to a pipelined design [196].

The computation engine is configurable to accommodate the specific characteristics of each

layer. This adaptive approach reduces resource utilization and enables the implementation of any

model, provided it utilizes layers supported by the engine [197, 198].

This structure offers the advantage of easy adaptation to various object detection models

[151]. Nevertheless, this flexibility comes at the cost of reduced efficiency and varying and

inconsistent performance when employing different models [201]. In a related experiment, Guo

et al. [197] implemented YOLO [1] and Face Alignment models on Angel-Eye, a CNN ac-

celerator featuring a single computation engine architecture, using Zynq XC7Z045. Compared
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to the baseline results on NVIDIA TK1 GPU, while the YOLO implementation using Angel-

Eye showed a 41.37% improvement in frame rate (FPS), this for Face Alignment was 82.24%.

In terms of throughput (GOPS), the improvement was 70.46% for YOLO compared to 463%

for Face Alignment, indicating that the performance gains can vary significantly across different

models when utilizing such an accelerator architecture.

Furthermore, in this architecture, a controller, which is usually software-based, is required

for hardware control and operation scheduling [3], which consequently reduces system efficiency

[202].

Figure 2.6: Example of an FPGA accelerator structure with a single computation engine archi-

tecture. In this approach, common computation resources are temporarily shared across differ-

ent layers. A software-based controller is also deployed to control and schedule the operations.

(CONV=CONVOLUTION, NONLIN= NON LINear layer, POOL=POOLing layer) (Figure ad-

apted from [3]).
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Streaming Architecture

On the other hand, streaming architectures are typically formed with a unique hardware block

for each part of the targeted object detection model [7, 58], developing the architecture in space

(rather than in time) (Figure 2.7).

Each computational block is optimized individually to exploit the inherent parallelism within

its corresponding layer [3]. As depicted in Figure 2.7, in this design approach, once fetched from

memory, image data passes sequentially through all dedicated hardware units for full processing

until the final result is obtained and written back to memory. A pipelined architecture, where

heterogeneous computational blocks are interconnected, can facilitate this data flow. This con-

figuration enables the simultaneous execution of different layers, significantly enhancing overall

system performance [7, 199].

However, it is crucial to design the PE for maintaining uniform processing times across in-

dividual layers to avoid idle states [151]. In this architecture, individual PEs are tailored and

fine-tuned for each layer, creating an optimized structure specific to a particular object detection

model. However, this specialization makes it less adaptable than a single computation engine

architecture. Additionally, transitioning it to a new FPGA device can be challenging or even

unfeasible due to the difficulty in customizing the implemented structure, especially when alter-

ing its size [3] [151]. Although pipelined accelerators can offer faster processing speeds due to

reduced memory transfers, they incur higher hardware costs than one-size-fits-all configurable

engines. This is because all individual layers must be simultaneously mapped in the hardware,

making it less versatile and more resource-intensive [198].

Figure 2.7: Example of an FPGA accelerator structure with a streaming architecture. Each block

is individually designed and optimized to perform the required calculations of each layer. (Figure

adapted from [3])

More Discussion

As mentioned, both architectures rely on PEs as their fundamental building blocks to execute

computational tasks, primarily consisting of Multiply-ACcumulator (MAC) units [203]. In scen-

arios where the results of various input channels of a CNN need to be accumulated without mul-
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tiplication, costly multipliers remain unused. To improve resource utilization efficiency, par-

ticularly in streaming architectures, a specialized Convolutional PE (Conv-PE) could be em-

ployed [151]. The Conv-PE comprises a few multipliers based on the kernel size, succeeded

by an adder tree to sum the intermediate results obtained from each input channel, typically fol-

lowed by a non-linearity unit [204,205]. Moreover, using Conv-PEs reduces latency by requiring

fewer pipelined stages, helping object detection systems satisfy real-time constraints.

On the other hand, in a one-size-fits-all architecture, frequently reading or writing parameters

and intermediate calculation results to external memory creates a bottleneck in memory access

and bandwidth. This results in reduced system performance and increased power consumption.

In real-time systems, in particular, to compensate for it, additional buffers can be utilized to store

weights and input data on available on-chip memory [206].

2.4.2 Hardware Acceleration Techniques for FPGA-based Object Detec-
tion

In the context of real-time object detection, given their heavy reliance on CNN-based models,

as discussed in section 2.2.1, there is significant interest in designing and deploying suitable

hardware accelerators to enhance system performance.

Generally speaking, an accelerator refers to a specialized hardware component designed to

execute a specific set of tasks more efficiently in terms of performance and power consumption

compared to a general-purpose processor or CPU [151, 207]. The development of floating point

co-processors was one of the first attempts to adopt accelerators [208]. Since then, designers

are increasingly taking advantage of hardware accelerators to enhance digital systems’ power

efficiency and performance. However, they have gained more attention in recent years, mostly

due to AI breakthroughs, especially in DNNs [156].

Demands for powerful hardware accelerators have increased as AI-based applications have

become more prevalent in various fields. Enhancing power efficiency, improving performance,

and addressing model complexity of modern AI models are the most important reasons why de-

veloping accelerators is being paid remarkable attention in this era [49, 151]. Recent trends to

solve more challenging tasks more accurately in different fields, such as computer vision and

natural languages, through AI-based applications, have made researchers introduce more com-

plex and larger models year by year. Consequently, such models cannot be exclusively run on

general-purpose processors, as they lack the computational power necessary for both training and

inference within reasonable time frames. It becomes a more important issue when developing

real-time applications.

Furthermore, as AI models continue to grow in size, the need for increased memory access and

data movement also rises. Memory access is notably more energy-intensive compared to arith-

metic computations [156, 230]. Considering the limited capacity of on-chip storage in general-

purpose processors and the need for external memory access, power efficiency is the most im-

portant reason for developing hardware accelerators. In addition to incorporating specialized

hardware features to accelerate intensive computations, AI accelerators can be designed to reduce

memory access and provide larger on-chip caches for improved performance.

FPGAs are highly regarded as suitable platforms for accelerating object detection because

they can perform parallel and pipelined computations efficiently while maintaining high power
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Table 2.9: Commonly used Hardware Acceleration Techniques for FPGA-based Object Detec-

tion.

1. Model-related Tech-
niques for Hardware Ac-
celeration

FPGA-
related
references

2. Implementation-
related Techniques for
Hardware Acceleration

FPGA-
related
references

a. Pruning
[57, 82, 209–

212]
a. Data Reuse

[8,11,78,191,

213, 214]

b. Quantization
[7, 8, 10, 11,

57,58,82,191]

b. Mathematical-based

Optimization
[78, 215–218]

c. Knowledge Distillation [9, 219–221] c. Systolic Arrays [8, 222, 223]

d. Hardware-aware Neural

Architecture Search

[10,190,224–

226]
d. Code Modification

[7, 11, 57, 82,

97, 99]

e. Roofline-based Optim-

ization

[57, 82, 209,

217, 227, 228]

f. Pipelining
[7, 8, 57, 58,

83, 90, 229]

efficiency. Moreover, FPGAs’ architectural flexibility and reconfigurability enable the imple-

mentation of custom logic units tailored to specific tasks in different object detection models.

This flexibility can also make it possible to apply various optimization techniques, both at the

hardware and software levels, aimed at improving system performance through architectural en-

hancements and object detection model simplifications. Therefore, FPGAs have emerged as the

optimal hardware platform, offering both speed and power efficiency for implementing complex

object detection models and accelerating them at the edge. Readers interested in a brief overview

of FPGA architecture and common design approaches can refer to Appendix B.

This section delves into some commonly adopted techniques for designing FPGA-based hard-

ware accelerators. Table 2.9 shows the methods discussed in the following two subsections,

divided into two main categories: Model-related and implementation-related techniques. The

former includes the methods adopted to prepare and optimize object detection models for FPGA

implementation, while the latter explains techniques applicable during hardware architecture

design and FPGA implementation. It is crucial to note that accuracy and execution time are two

pivotal parameters in real-time systems, particularly in hard real-time scenarios [61]. Therefore,

achieving a balance between these factors is of utmost importance.

Model-related Techniques for Hardware Acceleration

Some typical techniques that can be used to make the implementation feasible in hardware or

allow for more efficient execution of the target application are discussed in detail below, namely:
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a) Pruning; b) Quantization; c) Distillation; d) Hardware-aware Neural Architecture Search.

Pruning Pruning is typically performed in software before deploying the model on hardware.

However, performance can be further enhanced if the pruning process accounts for the capabilities

and custom hardware features of the target FPGA, as highlighted in some of the works discussed

below.

Pruning is defined as identifying and eliminating neurons, kernels, weights, and channels that

have minimal or negligible impact on the final accuracy of an AI model to reduce network com-

plexity [231]. It offers several advantages, including reducing computational load and required

memory and improving accuracy per parameter and per operation [157, 209]. To compensate

for the possible effect of this on the accuracy, the pruned model, also known as a sparse net-

work [231], needs to be retrained [232]. To avoid slow convergence during the retraining of a

sparse network, pruning should be conducted incrementally, with each group of layers pruned in

a separate stage [231].

Pruning methods can be broadly classified into two categories [4]: unstructured pruning and

structured pruning. Figure 2.8 illustrates the distinction between these approaches in a fully

connected layer.

In unstructured pruning [233–235], weights with low sensitivity are selectively removed through-

out the network. This method allows for aggressive pruning, removing a significant portion of

neural network parameters with insignificance accuracy loss. Wang et al. (2020) [82] apply un-

structured pruning to YOLOv2 [80], demonstrating its effectiveness in enabling real-time object

detection on FPGAs. Detailed results are provided in Sections 2.5.1 and 2.5.2. However, unstruc-

tured pruning leads to sparse matrix operations, which are challenging to accelerate and are often

memory-bound [236].

Structured pruning [196, 237, 238], on the other hand, involves removing a group of paramet-

ers, such as the entire kernel. This approach alters the input and output shapes of layers and weight

matrices, allowing for dense matrix operations to continue. However, aggressive structured prun-

ing often results in considerable accuracy degradation. Achieving state-of-the-art performance

during training and inference with high levels of pruning remains an open challenge [239].

Pruning may result in data sparsity and inefficient load balancing, mainly because the target

device characteristics are not considered. To address these issues, Ramhorst et al. [210] introduce

an FPGA resource-aware structured pruning algorithm capable of capturing, during training, the

underlying mapping of network weights to computational and memory resources.

To enhance inference speed, Plochaet et al. [211] propose a pruning method suitable for

FPGA-based AI accelerators in which the hardware constraints are considered.

Sui et al. [212] concentrate on row pruning to introduce a hardware-friendly pruning tech-

nique. They eliminate all rows except one for each convolution kernel and skip all zero calcula-

tions during FPGA deployment.

When developing real-time object detection systems on FPGAs, pruning can be adopted to

enhance throughput, reduce latency, optimize resource utilization, and improve power efficiency,

albeit with a potential trade-off in accuracy [57, 82] (cf. Section 2.5.1).

Quantization Data quantization is another commonly employed method to decrease the size

of CNN-based object detection models. This approach involves replacing conventional 32-bit
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Figure 2.8: Example of applying structured and unstructured pruning on a fully connected layer.

Removed (pruned) neurons and weights are shown by white circles and dotted lines, respectively.

floating-point weights and activation data with simpler representations, such as lower-bit floating-

point or fixed-point numbers.

Therefore, to achieve this objective, FPGAs give the designer the maximum flexibility for

choosing an arbitrary number for bits in the arithmetic operations and data representation.

Quantization can be deployed in both training and inference phases. However, despite its great

achievements in training [240,241], the majority of recent research on quantization has primarily

concentrated on inference [4]. Often combined with pruning, quantization plays a crucial role

in achieving an efficient hardware implementation. It reduces the required memory capacity and

bandwidth while simplifying arithmetic operations. Quantization can be applied to both weights

and activations. However, adjusting the bit width of weights generally has a smaller impact on

accuracy compared to modifying the bit width of activations [203].

Data quantization can be applied uniformly [242, 243] or non-uniformly [244–247]. In the

former, quantization levels are uniformly spaced, whereas in the latter, they do not necessarily

need to be uniformly spaced. Uniform quantization is more popular due to its simplicity and ef-

ficient mapping to hardware [4]. For instance, in a successful effort to develop FPGA-based real-

time object detection, Nguyen et al. [7] shows the effectiveness of adopting uniform quantization

for activations. This approach enhances the design’s speed and power efficiency by eliminating

the need for external memory access. Detailed results are provided in Sections 2.5.1 and 2.5.2.

However, the dynamic range of data across various layers in a CNN tends to be large. Con-
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sequently, using uniform quantization with a fixed-point data format for all layers may result in

significant performance degradation [197].

On the other hand, non-uniform quantization offers the potential for higher accuracy within a

fixed bit-width framework. This is because it allows for more effective capture of distributions,

emphasizing crucial value regions and identifying optimal dynamic ranges [4].

One possible and hardware-efficient approach is using mixed-precision quantization, in which

different bit precision is considered for each layer of CNN based on the sensitivity of that layer

to quantization. This can address the accuracy loss problem in object detection systems, which

commonly happens in low-precision quantization, particularly below 8-bit [248,249]. There exist

successful examples of adopting this approach in developing efficient real-time object detection

systems on FPGAs [8, 10] (cf. Section 2.5.1). However, finding an optimum solution to decide

on the best precision of each layer is an open challenge [4].

Figure 2.9: Illustration of Quantization-Aware Training (QAT) (Left) and Post-Training Quant-

ization (PTQ) (Right) procedures. In QAT, a pre-trained model is quantized and then fine-tuned.

In PTQ, a pre-trained model is calibrated using calibration data to do quantization based on the

calibration result. (Figure adapted from [4].)

Data quantization can lead to a drop in model accuracy, which is not acceptable in some

applications, such as hard real-time object detection systems. To mitigate this issue, the model

parameters should be tuned or adjusted when applying quantization. In this regard, Quantization

Aware Training (QAT) and Post-Training Quantization (PTQ) are two main approaches com-

monly used to achieve a more accurate and efficient quantization [4]. A pre-trained model under-

goes quantization in the former, followed by fine-tuning using training data. This process adjusts

parameters and aims to recover any accuracy degradation caused by quantization [4]. However,

the retraining procedure can be time-consuming, especially when it comes to low-precision quant-

ization. In PTQ, on the other hand, there is no need to model retraining. A pre-trained model is

calibrated using calibration data, which is typically a small subset of training data. This calibra-

tion process computes the clipping ranges and scaling factors. Clipping ranges define the upper

and lower bounds within which input data are constrained while scaling factors adjust the dy-

namic range of real-valued input data to adapt them to the desired output range. Subsequently,

the model is quantized based on the calibration results [250]. Even though the process of obtain-

ing the desired model is faster in the PTQ approach, this often results in lower accuracy compared

to QAT [4], which may not be desirable in hard real-time applications, like object detection, where

accuracy is critical. Figure 2.9 shows the overall procedure taken in QAT and PTQ.
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In implementing object detection models on FPGAs, quantization is employed in various

forms with different levels of precision, especially when real-time performance is required [7, 10, 57, 58, 191]

(cf. Sections 2.5.1 and 2.5.2). Like Pruning, the primary goals of deploying this technique in such

systems are improving throughput, latency, resource utilization, and power efficiency, with pos-

sible consequences in accuracy drop.

Knowledge Distillation Knowledge distillation is the process of transferring knowledge from a

large and complex model or ensemble of models to a single smaller model, which can be feasibly

deployed under real-world constraints.

The deployment of large object detection models poses a significant challenge, particularly for

edge devices like FPGAs, which have restricted memory and computational resources. To address

this challenge, a model compression method was initially proposed [219] to transfer knowledge

from a large model into a smaller model without sacrificing performance. This process of training

a small model from a larger one was formalized as a “Knowledge distillation” framework by

Hinton et al. [220].

In knowledge distillation, as depicted in Figure 2.10, a small “student” model is trained to

emulate a large “teacher” model. By leveraging the knowledge from the teacher, the student

model aims to improve its accuracy.

Based on the discussions thus far, simplified models obtained through pruning and quant-

ization techniques can be considered student models. By deploying knowledge distillation, we

can bridge the accuracy gap between the simplified and original models, bringing them closer in

performance.

In [221], for instance, a distillation technique tailored for quantized models was proposed,

based on which quantized student networks attain accuracy levels comparable to their full-precision

teacher model counterparts, with lower inference time.

In the context of real-time FPGA-based object detection, knowledge distillation is deployed

to enhance the system’s accuracy, especially after applying model compression techniques such

as pruning and quantization [9] (cf. Sections 2.5.1).

Hardware-aware Neural Architecture Search When considering resource-constrained plat-

forms like FPGAs for developing DNN-based systems, optimizing the DNN model to be stream-

lined and compact is crucial. This optimization should encompass reducing the number of para-

meters and computations while maintaining acceptable accuracy. However, achieving an efficient

network tailored to the characteristics of the target hardware is a challenging and time-consuming

endeavor [251].

Hardware-aware Network Architecture Search Hardware-aware NAS or (HW-NAS) seeks to

automate the process of discovering the most optimal architectures and configurations of a DNN,

tailored specifically for a given hardware platform [224]. This process aims to strike a balance

between accuracy and performance, ensuring acceptable tradeoffs [224]. Furthermore, through

the consideration of the distinctive attributes of the target device and the implementation of multi-

objective optimization algorithms, HW-NAS can generate hardware architectures that are inher-

ently more compatible with the target system and more efficient in terms of performance and

resource utilization [225].
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Figure 2.10: An illustration of performing knowledge distillation with a teacher-student frame-

work. (Figure adapted from [5].)

HW-NAS has notably influenced image classification and object detection tasks by con-

sistently achieving state-of-the-art results [225]. Using reinforcement learning [252], Jiang et

al. [226] introduced an FPGA-aware NAS technique, called FNAS, tailored to identify archi-

tectures that can meet specified inference latency requirements. By employing a performance

abstraction model, it can estimate neural network latency without the need for extensive training.

FNAS effectively eliminates networks that do not align with the constraints in the search space,

boosting search efficiency by a remarkable factor of 11.13×.

HW-NAS can effectively optimize all critical metrics of FPGA-based object detection sys-

tems, including throughput, accuracy, latency, resource utilization, and power efficiency. By

leveraging the flexibility of FPGA designs alongside the efficiency of HW-NAS, the optimiza-

tion process for object detection models becomes significantly more streamlined and impactful.

This synergy enables the development of low-latency models, which are essential for achieving

real-time performance [190] (cf. Section 2.5.1).

Implementation-related Techniques for Hardware Acceleration

Data Reuse An object detection model often requires access to a large amount of data, usually

stored in external memory when the target platform is a resource-constrained device. Particularly

with complex and large state-of-the-art object detection models, this strong dependency on access

to external memory and data movement can lead to a bottleneck for performance, power, and

computation efficiency [156, 253].

It is possible to reduce memory access by reusing pre-fetched or intermediate data, such

as feature maps, weights, and convolution internal results, multiple times [253]. This can be

achieved by leveraging the available on-chip memories of the target device or optimizing the al-

gorithms. Also, convolution operations can be accelerated by maximizing data reuse [254]. This

method involves utilizing pixels computed simultaneously at the same spatial position across

various Output Feature Maps (OFMs). As a result, all pixels from Input Feature Maps (IFMs)

and kernel data are accessed only once and stored in an on-chip BRAM of the FPGA (cf. Sec-
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tion 2.3.1) until they are reused.

By efficiently employing loop transformation and BRAM-based on-chip buffers to leverage

data locality, Beric et al. [255] demonstrated that it is possible to achieve an 11× speedup com-

pared to the standard implementation on similar FPGA resources while also being more power-

efficient due to reduced memory access.

Data reuse methods can be categorized into temporal and spatial reuse [156], both of which

are critical for optimizing FPGA-based real-time object detection systems. In temporal reuse, one

group of data is utilized multiple times by a single computational unit, allowing on-chip buffers to

store a small set of required data, which minimizes memory access latency and power consump-

tion. In spatial reuse, one set of data is simultaneously employed by different processing units,

enabling parallelism and improving throughput without requiring additional buffering. These

techniques are essential for maximizing the efficiency of FPGA implementations in real-time ob-

ject detection applications. There are plenty of works in the context of FPGA-based real-time

object detection adopting data reuse to achieve higher performance in terms of throughput and

latency along with gaining more power efficiency [7, 8, 191] (cf. Section 2.5.1).

Mathematical-based Optimization To enhance performance by reducing computational com-

plexity or memory access, various computation or transformation techniques can be employed,

such as the Winograd transform [256], Fast Fourier Transform (FFT) [257].

Since its initial application in accelerating convolution execution in 2016 [258], the Winograd

technique has garnered considerable attention in CNN implementations. Regarding FPGA-based

implementation, there have been significant research achievements in neural network optimization

based on the Winograd algorithm [215–218].

Winograd aims to reduce the number of multiplications using some pre-calculated values,

considering the fact that the trainable parameters of a CNN model will remain fixed after training.

In fact, it transforms overlapping kernels into non-overlapping ones to reduce the computation

complexity of CNNs [256, 258]. As an example, Equation 2.3 shows that when convolving an

input feature map In and a kernel Wn, both of size 1 × 3, the traditional approach requires 6

multiplications and 4 summations.

[

I0 I1 I2

I1 I2 I3

]





W0

W1

W2



 =

[

O0

O1

]

(2.3)

However, adopting the Winograd approach, the number of multiplication and summation will

be 4 and 12, respectively, as shown in equations (2.4) and (2.5).

M1 = (I0 − I2)W0

M2 = (I1 + I2)
W0 +W1 +W2

2

M3 = (I2 − I1)
W0 −W1 +W2

2

M4 = (I1 − I3)W2

(2.4)
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The key insight in these calculations is that since the weights are fixed, the summations of

those weights in Equation 2.4 can be pre-computed, so we can avoid 4 additions. Additionally,

division by 2 only requires a shifter rather than any arithmetic logic.

[

O0

O1

]

=

[

M1 +M2 +M3

M2 −M3 −M4

]

(2.5)

Therefore, the actual number of multiplications and adders required to implement the con-

volution in equation (2.4) are 4 and 8, respectively. This shows that employing this method

reduces the number of multipliers from 6 to 4 for the same calculation compared to the traditional

method. It is important to note that the hardware implementation of multiplication is typically

more resource-intensive than that of summation, which justifies the increase in the number of

required adders from 4 in Equation 2.3 to 8 for the implementation of Equation 2.4. Furthermore,

in FPGAs, addition can be performed faster than multiplication [253].

However, the Winograd method limits the reuse of the weights because the pre-computed

weight sets in Equation 2.4 are just used once while moving the convolution window. This is-

sue can be partially addressed by adopting appropriate considerations during the design, such as

integration of the pooling with convolution, to leverage the benefits of the Winograd method in

reducing power consumption and increasing throughput [151].

Cai et al. [78] demonstrate the effectiveness of employing this technique to develop an effi-

cient FPGA-based object detection system, optimizing both speed and power consumption. Fur-

ther details about this effort are provided in Section 2.5.1.

Another possible acceleration technique to perform convolution operations is using FFT [156,

257]. This method is similar to the Winograd transform and can reduce the number of required

multipliers. The principle behind this approach is that convolution in the time domain can be

transformed into multiplication in the frequency domain. Initially, we compute the FFT of both

the weight and input. Subsequently, we obtain the output by taking the inverse FFT of their

element-wise multiplication in the frequency space. As a result, there is a possible reduction in

the number of multiplications for each input channel, strengthened from the order of RSPQ to

PQlog2(PQ), where P ×Q represents the output size and R× S signifies the filter size [156].

However, the advantages of this approach diminish with larger kernel sizes [203]. Addition-

ally, combining FFT with sparsity, which often yields higher benefits, can be challenging [156].

Given that modern CNNs predominantly utilize small kernel sizes, FFT has declined in signific-

ance in modern hardware accelerators [151].

Systolic Arrays First introduced by Kung and Leiserson [200], systolic arrays are parallel com-

puting architectures comprising a network of Processing Elements (PEs) organized in a regular

grid, typically with a two-dimensional structure. In these arrays, data flows rhythmically between

neighboring PEs, enabling efficient and synchronized computations. Some of the key features of

the systolic array design include regularity, reconfigurability, and scalability [259].

When data is fetched from memory, it is sequentially passed from one PE to another, enhan-

cing data reuse while minimizing memory access—a key advantage for power-efficient, real-time

systems. Furthermore, systolic arrays demonstrate exceptional adaptability to a variety of DNN-

based models and are capable of achieving high levels of parallelism and clock frequencies [206].

These attributes make them an ideal choice for developing real-time object detection systems.
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Considering its advantages, such as scalability and flexibility, systolic array architectures have

been adopted to implement different computations on FPGAs [222, 223]. Figure 2.11 represents

an example of using systolic array-based architectures for performing matrix multiplication. The

regular and predictable architectures of systolic arrays make them highly suitable for hardware

implementation. In addition, conventional approaches to data spatial reuse in FPGA computa-

tion units often encounter challenges such as significant fan-out and difficulty in meeting timing

constraints. On the other hand, each PE in a systolic array architecture can seamlessly transmit

result data to its neighboring PEs. These localized connections between PEs effectively diminish

the necessity for transmitting extensive data over extended distances, thereby enhancing system

performance and reducing latency.

Figure 2.11: An example of adopting a systolic array to perform matrix multiplications in CNNs.

(Figure adapted from [6])
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Code Modification To maximize hardware usability by optimizing object detection models

on the operator level, some hardware-specific code transformation techniques can be deployed.

These techniques include loop optimization and operator fusion.

Loop optimization techniques, such as loop unrolling and loop tiling, can improve resource

utilization efficiency and data reusability. This results in lower latency and increased power effi-

ciency by reducing the frequency of off-chip memory accesses. [259]. Given that matrix multi-

plication serves as a main computational component within CNN-based object detection models,

it can be conceptualized as nested loops. Therefore, loop modification techniques are frequently

employed in hardware accelerators to optimize performance [209, 260–262].

when designing real-time object detection systems on FPGAs, techniques such as loop re-

ordering, loop unrolling, and loop pipelining can be employed to accelerate execution. Addi-

tionally, loop tiling is often utilized to optimize memory allocation, improving overall system

efficiency and performance [151, 263].

Loop reordering aims to minimize redundant memory accesses and maximize the utilization

of on-chip memory. It involves rearranging the sequence of uncoupled multiplication and addi-

tional operations within the convolution process to optimize efficiency [263,264]. Loop unrolling

is a technique where multiple copies of the loop body are created to allow some or all iterations

to execute in parallel, improving data access and throughput. This technique can be deployed to

optimize hardware utilization, reducing computation time effectively and maximizing data reuse

by fully leveraging internal memory [260, 261]. Loop pipelining is a technique that allows the

overlap of iterations in a loop by starting a new iteration before the previous one completes, en-

hancing execution efficiency and throughput. However, whether pipelining is feasible depends

on the hardware accelerator’s architecture (cf. Section 2.4.1). The concept of loop tiling, or loop

blocking, involves dividing the loop’s iteration space into smaller blocks to enhance memory hier-

archy efficiency [263]. By doing so, the loop’s data fits within the cache until it is reused, thus

reducing cache misses and enhancing performance significantly.

In the context of the FPGA-based real-time object detection, adopting these techniques is

popular (cf. Section 2.5.1). Nguyen et al. [7] use loop reordering and tiling to optimize the

data path of the deployed streaming architecture. To enhance data reuse, thereby optimizing

memory access, Babu et al. [97] deploy loop tiling. Additionally, they leverage loop pipelining

to enhance system throughput. For a different purpose, Fan et al. [57] employ loop unrolling

and loop reordering to tackle the issue arising from the distinct kernel sizes of depth-wise and

point-wise convolutions. This difference makes it difficult to directly utilize processing elements

(PEs) designed for depth-wise convolution with point-wise convolution.

The operator fusion technique, also known as kernel or layer fusion technique, aims to reduce

data exchanges between computation units and external memory by finding data dependencies

between different parts of an object detection model [265,266]. This process begins by partition-

ing the model into groups of operators to be fused. Within each group, intermediate feature maps

are promptly accessible to subsequent units or layers that need the data. However, if none of the

computation units in a group require the data at that time, it is transferred to external memory. It

will then be reloaded into on-chip memory when another computation unit needs it. In designing

FPGA-based object detection systems in particular, employing the operator fusion technique can

offer significant advantages in improving the performance of the system and reducing memory

access overhead [82, 85, 99]. For example, in their proposed FPGA design for real-time object
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detection based on YOLOv2 [80], Xu et al. [85] merge different components of the model,

including convolution, batch normalization, and activation function units, to minimize memory

access. This approach enables them to achieve a high throughput of up to 71 FPS for the system

(see Section 2.5.2 for further details).

Roofline-based Optimization When deploying an object detection model on a particular plat-

form, such as an FPGA device, the achievable performance of the model is influenced by the

compatibility between the model and the target platform [253]. In this regard, performance bot-

tleneck analysis is a critical task that can be conducted using various methods [217,227]. Among

these methods, the “Roofline Model” [267] stands out as particularly popular. The Roofline model

is a visual performance model that enables the estimation of the gap between the actual perform-

ance (in terms of computational performance (FLOPS) and memory bandwidth (Bytes/s)) of a

compute kernel compared to the peak theoretical performance of the underlying system.

A more detailed discussion on the Roofline Model is presented in AppendixC.

In recent years, the Roofline model has been deployed to optimize the CNN implementations

on FPGAs in various works [209,228]. Some of these efforts have focused on using this technique

combined with the High-Level Synthesis (HLS) design approach [268–270]. Calore et al. [271]

optimized the neural network compiler through pipeline design and utilized the Roofline model

to investigate the trade-off between memory and computational throughput, aiming to enhance

FPGA performance. In particular, to implement real-time object detection models on FPGAs,

many works have adopted this technique to find possible performance bottlenecks and optimize

the design [57, 272] (cf. Section 2.5.1).

Pipelining In designing FPGA accelerators for CNN-based object detection, pipelining is ad-

vantageous when two adjacent convolutional iterations can be performed without data depend-

ency [7,57,58,229]. This allows the next convolutional operation to commence before the current

one is fully completed, enhancing computational power.

Generally speaking, pipelining is a design technique aiming to enhance the maximum clock

frequency and throughput of synchronous digital systems. This technique involves inserting re-

gisters or memory elements into the dataflow path to break down a large operation into several

smaller ones [253]. In that way, each small operation requires less time, reducing the path length

that a signal must traverse within a clock cycle and thereby enhancing the working frequency.

Furthermore, smaller operations can be executed in parallel, leading to improved data through-

put [253].

Pipelining proves particularly beneficial when processing a stream of data. In a pipelined cir-

cuit, various stages of the pipeline can handle different input stream data simultaneously within

the same clock cycle. This concurrent processing enhances data processing throughput signific-

antly [273], at the cost of more resource utilization and higher latency (cf. Section 2.4.3).

As a result, pipelining has become an indispensable operation in the design of most computa-

tional engines in the context of FPGA-based real-time object detection systems [7, 27, 83, 90, 253].

For example, Nguyen et al. [7] propose an FPGA-based streaming architecture tailored for real-

time object detection showing high throughput up to 1877 GOPS, where all convolutional layers

are fully pipelined (cf. Section 2.5.1).
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2.4.3 Impact and Trade-offs of Acceleration Techniques in FPGA-based
Object Detection

It is crucial to understand the potential effects of each technique, reviewed in Section 2.4.2, on

system performance and efficiency when developing a real-time object detection system using

FPGAs. This insight allows designers to select the most appropriate set of techniques, taking into

account the requirements of the desired system and application, as well as the limitations and

capabilities of the target FPGA device.

Figure 2.12: Possible impact of model-related (top) and implementation-related (bottom) acceler-

ation techniques on key metrics in FPGA-based object detection systems, focusing on throughput

and accuracy. The corresponding section where each technique is discussed in this work is also

indicated.

Figure 2.12 highlights the possible impacts of different acceleration techniques on FPGA-
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based object detection systems, focusing on key metrics including throughput, accuracy, latency,

resource utilization, and power efficiency. Each technique can have a positive effect (indicated

by green arrows), a negative effect (indicated by red arrows), or a neutral effect (indicated by an

equal sign).

Regarding model-related techniques, pruning effectively increases throughput, reduces latency,

improves resource utilization, and enhances power efficiency, although it may lead to a decrease

in accuracy. Quantization shows similar benefits, improving throughput, latency, resource utiliza-

tion, and power efficiency, with a potential drop in accuracy. Knowledge distillation, on the other

hand, offers improvements in accuracy, making it a suitable compensator for previous techniques.

Finally, HardWare-aware Neural Architecture Search (HW-NAS) can be employed to optimize all

key metrics, leading to enhancements in throughput, accuracy, latency, resource utilization, and

power efficiency. This positions HW-NAS as the most comprehensive acceleration technique for

FPGA-based object detection systems, albeit with the caveat of its complex and time-consuming

implementation process.

In the context of implementation-related techniques, data reuse enhances throughput and re-

duces latency by reusing intermediate results to avoid redundant computations. This technique

tends to increase resource utilization due to higher memory requirements but improves power ef-

ficiency, with no impact on accuracy. Mathematical-based optimization methods can significantly

improve throughput and power efficiency by simplifying calculations. However, these approaches

might compromise accuracy because of approximations, although they can optimize resource util-

ization. Using systolic arrays can improve throughput and power efficiency by enabling parallel

processing with a consistent data flow. While accuracy is maintained, this method may require

more resources due to the dedicated hardware involved. Code modification, including techniques

like loop unrolling, boosts throughput and power efficiency without affecting accuracy but may

increase resource utilization and, in some cases, latency. Roofline-based optimization strikes a

balance between computational load and memory access to enhance throughput, with no impact

on accuracy but potentially higher resource demands and trade-offs in power efficiency. Pipelin-

ing improves throughput by allowing concurrent execution of multiple stages, thereby improv-

ing throughput. Although it does not affect accuracy, the additional hardware requirements for

pipelining can lead to increased resource utilization and latency, with minimal effect on power

efficiency.

It is important to note that these effects and results are not definitive and may vary with

different implementations and deployments. However, the mentioned effects can be considered

as the most anticipated outcomes. All in all, selecting the appropriate acceleration method in-

volves weighing these trade-offs to achieve the desired performance while considering system

constraints.

2.5 Results Analysis and Optimization

This section aims to review several case studies, illustrating how acceleration architectures and

techniques discussed in Section 2.4 have been applied to develop real-time object detection sys-

tems, along with an analysis of their outcomes. Then, recent advancements and works in this

field are compared across multiple metrics—such as throughput, accuracy, pixel throughput, and

power efficiency—highlighting state-of-the-art results and revealing trends in FPGA-based real-
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time object detection. Finally, optimization strategies specifically aimed at achieving real-time

performance in FPGA-based object detection systems are briefly discussed.

2.5.1 Case Studies: Adoption of Acceleration Techniques in FPGA-Based
Real-Time Object Detection

This section discusses examples of applying the aforementioned acceleration techniques in de-

veloping real-time object detection systems on FPGAs. The works are chronologically reviewed

to illustrate the progress in this field. The results of adopting these techniques are presented and

analyzed to demonstrate how they have contributed to enhancing the performance, accuracy, and

efficiency of such systems. Additionally, an overview of the overall architecture proposed by

some recent works is briefly examined to provide context on the approaches adopted in state-of-

the-art object detection solutions.

Fan et al. [57] demonstrated the effectiveness of channel pruning in boosting the performance

and hardware efficiency of FPGA-based real-time object detection systems. By pruning up to

10% of the channels of a customized SSD model [2], they achieved a model 3 times smaller

with a minimal accuracy loss of just 1.8%. Also, by proposing a partial quantization scheme,

they minimized the accuracy drop caused by quantization. This quantization scheme preserves

32-bit precision for certain components like Pre- and post-processing modules while quantizing

most layers in the feature extractor to 8 bits. They also used 8-bit weights and activation in their

proposed system. By employing the roofline model technique tailored for the target platform,

i.e., a Xilinx Zynq ZC706 with a DRAM memory bandwidth of 1.2 GB/s, they improved overall

performance by caching all intermediate results in the on-chip memory. By applying these tech-

niques, they achieved 64.8 FPS, a latency of 15.43 ms, and a power consumption of 9.9 W using

a single computation engine architecture. These results represent a more than sixfold improve-

ment in throughput and latency, along with a 94% reduction in power consumption, compared to

running the original model on a TITAN X Pascal GPU.

Nguyen et al. [7] implemented a real-time object detection system using YOLOv2 [80] on a

VC707 FPGA, employing 1-bit weights and flexible 3-to-6-bit activations. This approach led to

a 30-fold reduction in model size and a 5.4-fold decrease in activation size. They demonstrated

that even with such low-bit quantization, an acceptable accuracy (51.68% mAP) with a high

inference speed (66 FPS) is possible with a power consumption of 8.7 W. They developed an

efficient streaming architecture tailored for real-time object detection, focusing on optimizing the

data path, where all convolutional layers are fully pipelined. Additionally, they enhanced loop

computations using loop reordering and tiling techniques, enabling the convolutional layers to

run effectively on their resource-constrained FPGA.

They also introduced a data reuse scheme to minimize memory accesses and enhance com-

putation performance by reusing both the input data and the weights (Figure 2.13). The input is

processed in sliding cubes (with K ×K × Ti pixels) that move across the image in row passes.

During each pass, the T0 weight blocks are reused to perform convolutions, generating temporary

output values that are stored in line buffers. These computations are performed in parallel, and the

results are accumulated across multiple row passes. After each pass, the input sliding cube shifts,

and new weight blocks are fetched. The convolutional outputs are accumulated in the line buffers,

reducing the need for additional memory accesses. The weights are fetched once per row pass
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Figure 2.13: Data reuse scheme proposed in [7], minimizing memory accesses by reusing both

input data and weights, with intermediate results stored in line buffers. K ×K × Ti defines the

size of the input sliding cube in pixels, and T0 denotes the number of weight blocks concurrently

convolved with the input sliding cubes in each iteration. (Figure adapted from [7]).

(H times in total) and from on-chip SRAM, resulting in fewer memory accesses. Once all rows

are processed, the final accumulated output is forwarded to the next layer, minimizing external

memory access. The parameters Ti and T0 are chosen to balance hardware cost and performance,

ensuring efficient memory usage and parallel computation.

The results demonstrate approximately a 24% improvement in throughput and a 90% re-

duction in power consumption compared to running the same model with 32-bit floating-point

precision on a GTX Titan X GPU.

Hao et al. [190] presented a co-search method that enhanced the performance of CNN-based

object detection, leading to gains in accuracy, frame rate, and power efficiency. The proposed

approach was tested on an object detection task from the DAC-SDC competition [274], where

it outperformed the first-place winner using a PYNQ-Z1 board. This implementation could meet

real-time requirements, delivering up to 29.7 FPS and achieving 68% accuracy. Their solution de-

livered a 6.2% improvement in IoU, reduced power usage by 40%, and was 2.5 times more power

efficient compared to the state-of-the-art FPGA designs. Also, in comparison to GPU-based

designs on Nvidia Jetson TX2, their method achieved nearly identical accuracy (approximately

69% IoU) while offering an power efficiency advantage of 3.1 to 3.8 times.

Wang et al. [82] also applied an unstructured pruning to YOLOv2 [80] and showed the effect-

iveness of this technique in implementing real-time object detection on FPGAs. Their approach

leveraged hardware-aware optimizations, including model pruning and quantization, to reduce

the computational workload and memory footprint of the YOLOv2 network. Using the roofline

model as an optimization flow guidance to adopt a fine-grained unstructured pruning scheme,

they achieved a 7x reduction in computational workload with only a 2.35% loss in accuracy. This

technique, along with applying 8-bit quantization on the whole model and adopting a layer fusion

approach, allowed for high-throughput object detection at 61.9 FPS using a single computation

engine architecture. They also achieved a high power efficiency of 81.92 GOPS/W on an Arria-10

FPGA, demonstrating the viability of these techniques for real-time object detection.

Chang et al. [8] showed that adopting a mixed-precision quantization approach is a more ef-
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fective way to minimize the accuracy loss than applying fixed bit-width quantization. By quantiz-

ing weights and activations to 5-8 bits and 7-8 bits, respectively, they developed a real-time object

detection system based on YOLOv3 [88] using the ZCU102 FPGA platform. They achieved a

throughput of 22 FPS with 49.7% mAP, reflecting only a 1.5% accuracy loss compared to the

32-bit floating-point model.

Figure 2.14: An architecture for accelerating YOLOv3 on FPGA. It is based on a pipelined mul-

ticore processing architecture consisting of a Control Unit to manage all operations, a Compute

Engine with multiple layers of 2D arrays of PEs, and an on-chip memory unit optimized for par-

allel data access (Figure adapted from [8], .

As Figure 2.14 shows, the proposed architecture features a pipelined multicore unit composed

of a computing engine, an elastic on-chip buffer, and a control unit.

The computing engine performs operations like convolution, activation, and pooling with

mixed precision This unit consists of Reconfigurable Microprocessing Elements (RmPEs) organ-

ized in a 3D array to adapt to various convolutional layer requirements. Each RmPE performs

parallel MAC operations, using DSP and LUT-based adders. Multiple RmPEs form Reconfigur-

able Macro Processing Units (RmPUs), which combine into a 3D array for enhanced parallelism.

The Control Unit manages configurations, including bit-widths, activation (e.g., ReLU), pooling

types, and dataflow patterns, optimizing resource utilization. The unit supports flexible data pro-

cessing by adapting to different CNN models through reconfigurable parameters for input/output

widths and convolution array setup.
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The on-chip buffer unit is a flexible memory system dynamically partitioned into physical

banks, optimized for parallel data access, and configured by the Control Unit to match computa-

tional needs. It stores intermediate data for convolution, activation, and pooling tasks, reducing

off-chip memory dependency and facilitating cross-layer data reuse.

The Control Unit orchestrates the pipelined multicore unit by breaking down convolution

tasks into smaller, tile-based subtasks and coordinating the computing engine and on-chip buffer

accordingly. It decodes instructions, queues them by type (control, memory access, and com-

putation), and manages synchronized, parallel issuance, ensuring data dependencies are met for

efficient execution.

Cai et al. [78] proposed an FPGA-based approach for real-time underwater object detection

based on a single computation engine architecture, utilizing the Winograd algorithm to optim-

ize various convolution operations within the network. They also improved data reuse through

a ping-pong-based memory access approach. By adopting these techniques, they were able to

achieve 33.14 FPS with MobileNetV3-SSDLite [2] when the accelerator was deployed on a Zynq

XC7Z045 device running at 150 MHz. Compared to a CPU (Intel i7-8700), the proposed accel-

erator offers an 8.7× speedup, enhancing power efficiency by 60×.

Huang et al. [191] showed that employing an effective data reuse strategy in FPGA imple-

mentations can greatly enhance the performance of real-time object detection by optimizing

memory access patterns and increasing data locality. Their approach employed buffering tech-

niques to reduce the frequency of memory fetches, lowering latency and boosting throughput.

This strategy proved particularly beneficial for deformable convolutions, where irregular memory

access patterns typically limit data reuse. They modify the deformable convolution operation to

enhance performance further by restricting adaptive offsets to fixed ranges, enabling more effi-

cient data reuse. Additionally, they replaced the full 3 × 3 deformable convolutions with 3 × 3

depthwise deformable convolutions and 1× 1 convolutions, akin to the depthwise separable con-

volution approach used in Xception [275], thereby streamlining computation and enhancing the

efficiency of the FPGA implementation. Using their developed object detection model on an Ul-

tra96 board, they achieved up to 32.2 FPS on the Pascal VOC dataset [50] while consuming only

5.6 W of power.

In their proposed workflow for implementing YOLOv4 on a Zynq UltraScale+ MPSoC FPGA,

Liew et al. [9] demonstrated how leveraging knowledge distillation can help recover some of the

accuracy lost due to pruning and quantization. As shown in Figure 2.15, the size of the baseline

model (with 32-bit floating point precision) was reduced by 56% and 88% after applying channel-

wise model pruning and then 8-bit quantization (INT8), respectively. This reduction in model size

was crucial for achieving real-time performance at 33.34 FPS, though it came with an 8% decrease

in accuracy. However, adopting knowledge distillation led to a recovery of some accuracy by

about 2.5%.

Jain et al. [10] developed a real-time object detection system based on tiny-YOLOv2 [80], in

which a mixed-precision quantization scheme (8-bit weight and 16-bit activation) was adopted.

By taking advantage of QAT, they could not only achieve a satisfactory processing throughput

(23 FPS) for real-time performance on the XC7Z035 FPGA but also recover the accuracy loss

caused by applying quantization to reach a high accuracy of 57.1%. To find the best spatial and

temporal unrolling factor for designing an power-efficient and high-speed architecture, they did a

design space exploration using the ZigZag tool, an optimization framework [276].
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Figure 2.15: The effect of applying pruning (p), quantization (Q), and knowledge distillation

(KD) techniques one after the other on the size and accuracy of the YOLOv4 model (the numbers

extracted from [9]).

Subsequently, as Figure 2.16 shows, they developed an architecture using an array consisting

of 32 Single Instruction Multiple Data (SIMD) units, where each SIMD unit consists of 14 parallel

PEs. The architecture also includes a 2 × 2 max pooling unit with strides of 1 and 2, along with an

activation unit that performs ReLU and Leaky ReLU. To minimize latency, dual-port memories

are used to enable parallel read and write operations. A control unit is also implemented to

manage data movement and oversee the operation of the SIMD arrays and other components.

Suh et al. [11] utilized a low-precision quantization approach to implement the SSD model,

trained on a custom drone dataset on the Zynq ZU3EG FPGA. They introduced a uniform quant-

ization scheme with power-of-two (POT) quantization boundaries, termed UniPOT, designed to

streamline the model, reduce its size, and eliminate the need for multipliers by substituting them

with shift registers. Their results showed that applying UniPOT quantization with 8-bit precision

resulted in only a minimal accuracy drop (0.24% mAP) compared to the baseline 32-bit model.

Their proposed design achieved 88.42% mAP, an power efficiency of 79 GOPS/W, and 158 GOPS

throughput.

Figure 2.17 shows the overall proposed architecture. The design utilizes two separate DMA

modules to handle read and write operations independently, each with its own descriptor buffer.

The read DMA module loads image tiles and weights into designated input and weight buffers.

A data router then rearranges the pixel and weight data for optimized reuse in MAC arrays, lever-

aging FIFOs to minimize buffer reads by shifting and reusing data in registers. This setup enables

efficient pixel reuse within the register arrays, reducing memory access. Each Processing Element

(PE) in the MAC array performs one multiply-accumulate (MAC) operation per cycle, benefiting
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Figure 2.16: Overall accelerator architecture, consisting of a SIMD array, activation, pooling, and

control units along with memories to store input, weight, and output values (Figure adapted from

[10]).

from loop unrolling and tiling techniques to maximize efficiency.

Anupreetham et al. [77] developed a high-performance, real-time object detection system on

a Stratix 10 FPGA, achieving low latency and high throughput by introducing a novel pipelined

Non-Maximum Suppression (NMS) algorithm. This new NMS design reduced latency by remov-

ing the traditional dependency on sequential processing, which typically slows down the object

detection pipeline. By allowing continuous dataflow between stages, the pipelined NMS enabled
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Figure 2.17: Overall hardware block diagram of a proposed FPGA accelerator, with two separate

DMA modules, each equipped with a dedicated DMA descriptor buffer. The data router will

rearrange the pixels and weights to maximize data reuse capability (Figure adapted from in [11]).

concurrent processing of feature extraction and SSD [2] detection stages, significantly decreasing

end-to-end latency. Additionally, they enhanced the system’s efficiency by incorporating a multi-

threaded NMS module that processes multiple images in parallel, aligning with the throughput

capacity of the CNN backbone accelerator and thus preventing stalls.

As a result, the system achieved an end-to-end latency of only 2.13 milliseconds, marking a

substantial improvement over prior FPGA implementations. It delivered 5.3× higher throughput

than previous solutions with comparable accuracy, i.e., 22.8% mAP on MS COCO [51], demon-

strating a significant advancement in balancing speed, efficiency, and accuracy for FPGA-based

real-time object detection.

D. Zhang et al. [93] introduced a fully hardware-accelerated end-to-end object detection sys-

tem, designed entirely to run on FPGA devices. To meet real-time requirements and minim-

ize system latency, all components, including post-processing algorithms, were implemented on

hardware, eliminating the need for a CPU.

To enhance design flexibility and support various object detection models, they adopted a

single computation engine architecture. However, to address the primary challenge of this ap-

proach—intensive memory access—they employed three dedicated data access units alongside

on-chip buffers to improve data reuse. These data access units leveraged burst transfer mech-

anisms to optimize memory bandwidth utilization and minimize data transfer overhead. Fur-

thermore, the proposed data buffering strategy allowed data transfers to occur in parallel with
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computations, significantly boosting execution efficiency. A ping-pong buffer mechanism further

enhanced data reuse within the design.

The system was evaluated using object detection models such as YOLOv2 and YOLOv3,

demonstrating substantial performance improvements. Compared to state-of-the-art implementa-

tions, such as [7, 58, 77], it achieved up to 9x higher throughput and up to 5x lower latency.

When tested on a KC705 board, featuring a low-end XC7K325T FPGA, the system delivered

an impressive throughput of 401 GOPS, consumed 12 W of power for the entire system, and

achieved a frame rate of 65 FPS while running a quantized (8-bit) YOLOv3-tiny model.

2.5.2 COMPARATIVE ANALYSIS OF FPGA IMPLEMENTATIONS

Tables 2.10 and 2.11 present detailed information on recent studies, sorted based on the achieved

pixel throughput, regarding the implementations of real-time object detection models on FPGAs.

As shown in Table 2.10, the majority of these studies utilize two main detection model families:

YOLO [1] and SSD [2] (cf. Section 2.2.1). These one-stage detectors are favored due to their

balanced accuracy-speed performance, which is crucial for developing real-time object detection

systems. Additionally, there are many lightweight variants of these models suitable for resource-

constrained devices like FPGAs.

As a common technique employed in this context, different quantization regimes have been

adopted based on the available resources on the target FPGA device and the accuracy required by

the application of interest. The best-achieved accuracy, processing speed (in FPS), and latency, as

the most relevant metrics for evaluating real-time object detection systems, are provided for each

study. It is important to note that the image resolution can affect system performance—the larger

the image size, the higher the achievable accuracy with lower speed. Therefore, looking at the

achieved pixel throughput may help make a more meaningful and fair quantitative comparison

between the existing works. For this reason, the reviewed works in Table 2.10 and 2.11 are sorted

based on this metric. Additionally, Figure 2.18 shows a comparison of the reviewed works based

on their pixel throughput performance. Another critical metric is the achieved computational

power, or throughput, measured in Giga Operations Per Second (GOPS). While FPS reflects

the processing throughput from a visual perspective, GOPS represents it from an architectural

standpoint. Knowing the working Frequency (Freq) is also essential for a meaningful GOPS

comparison. In addition, power consumption and power efficiency are critical factors, especially

when developing systems for edge devices. Figure 2.19 shows the achieved power efficiency of

the reviewed works (if reported in the corresponding manuscript) to provide a visual comparison

and facilitate analysis.

Table 2.11 specifically highlights the deployed FPGA devices and the main development tools

used in each work. All studies here have relied on either AMD (formerly Xilinx) or Intel (Altera)

FPGA devices. This table also provides a report on resource utilization and mentions the primary

acceleration techniques adopted in each study.

2.5.3 OPTIMIZATION STRATEGIES FOR REAL-TIME PERFORMANCE

To develop a real-time object detection system on resource-constrained devices such as FPGAs,

it is essential to focus on key metrics like throughput, latency, and accuracy. A detailed review of
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Figure 2.18: Comparison of the reviewed works based on the achieved pixel throughput.

Figure 2.19: Comparison of the reviewed works based on their reported power efficiency (note:

for some works power efficiency data is not available).
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these metrics within the context of this paper is provided in Section 2.2.3.

As outlined in Section 2.2.1, deep neural network (DNN)-based models often provide the

highest accuracy for object detection tasks. However, these models are computationally intensive,

necessitating a careful balance between accuracy and execution time, as discussed by Castells et

al. [61]. This balance becomes even more critical in hard real-time systems, where meeting

stringent timing requirements is essential for safety and reliability.

Before adopting optimization techniques, discussed in Section 2.4.2, it is crucial to select the

appropriate hardware architecture. Section 2.3.3 introduces two FPGA architectures popular for

developing object detection systems: single computation engine and streaming architectures.

Among these, streaming architectures are more suitable for real-time object detection due to

their reduced memory accesses, which enhance system speed and lower latency. These archi-

tectures are also optimized to perform specific tasks within each block, leveraging parallelism to

boost performance in object detection models [3]. However, this level of optimization typically

comes with higher hardware costs compared to one-size-fits-all configurable engines.

The rapid development of deeper and more powerful object detection models has shifted the

focus from achieving high accuracy to optimizing the performance of these models on resource-

constrained devices like FPGAs. Modern object detection models tend to be computationally

demanding and require larger memory footprints, making performance optimization a primary

challenge.

To address these challenges, the typical workflow for developing a real-time object detection

system on FPGAs involves simplifying and optimizing the chosen model. In this regard, many

works show the advantages of employing Binarized Neural Networks (BNNs) [277] and Ternary

Neural Networks (TNNs) [278] to achieve real-time inference [7, 279–282]. BNNs [283] and

TNNs [278] are two types of neural networks in which the weights and activations are quantized

into two (-1,1) and three values (-1,0,1), respectively.

However, compression and simplification techniques, such as pruning and quantization, can

result in accuracy degradation. To mitigate this problem, retraining the compressed models and

utilizing knowledge distillation [220] are effective strategies. Mishra et al. [284] propose a

method, called Apprentice, which combines low-precision arithmetic with knowledge distillation

to achieve nearly the same accuracy as the original model. Remarkably, this approach results in

less than a 1% accuracy loss compared to a 32-bit floating-point model, even when employing

ternary precision within the ResNet architecture [128] on the ImageNet dataset [153].

In addition, a real-world object detection system comprises diverse components, some of

which are best suited for execution on a processor due to their sequential nature. Considering this,

adopting a hardware-software co-design approach can facilitate the development of an optimal

system [77, 82, 285, 286]. This approach may become more effective when combining hardware-

aware NAS, discussed in section 2.4.2. Adopting a co-design approach can enable developers

to design efficient object detection systems that satisfy real-time constraints, including latency,

throughput, and accuracy, using FPGAs and FPGA-oriented system-on-chip devices [190, 226].
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2.6 Challenges and Future Directions

2.6.1 Existing Challenges

Seeking to enhance their accuracy, object detection models are becoming increasingly larger and

deeper with more complex architectures. Consequently, implementing such models on FPGAs

is challenging due to their limited memory and computational resources. Furthermore, achieving

real-time performance with these complex models is another significant issue. As discussed,

model simplification and compression techniques can be employed to address this problem, albeit

at the expense of a drop in accuracy. Although the knowledge distillation technique can mitigate

the accuracy loss issue [220], efficiently applying this method is not an easy task [5]. Therefore,

the first challenge is to make an object detection model hardware-friendly while maintaining

acceptable model accuracy and speed to meet real-time constraints.

Developing FPGA-based object detection systems is a complex and multifaceted procedure.

It begins with developing a suitable model or modifying an existing one based on the project

requirements, leading up to the final hardware implementation. Consequently, this process re-

quires knowledge from various areas (in both software and hardware) and the ability to work with

multiple tools to perform each part of the development flow. For example, a designer may need

to work with an AI framework such as PyTorch (working with Python), a high-level synthesis

tool (working with C/C++), an FPGA design tool like Vivado (working with HDL), and some

other software tools and programming languages depending on the project. The important point

is that in each development phase, having comprehensive knowledge about the subsequent steps

is needed to design an efficient system.

Many efforts have been made to provide appropriate tools to integrate this development pro-

cess and reduce the need for in-depth knowledge in all parts, especially concerning hardware

implementation [193, 194]. However, these tools are typically designed to work with some pre-

defined object detection models for specific FPGA devices.

Consequently, the lengthy and challenging design process remains one of the main challenges

in this field, directly impacting the time-to-market and, subsequently, the final price of the system.

2.6.2 Possible Future Research Trends

Naturally, addressing the existing challenges mentioned earlier remains a primary research fo-

cus. As these challenges evolve, the development of hardware-friendly models tailored to FPGA

architectures, accounting for their computational and memory constraints, will likely remain a

key direction. Such models should aim to maximize the inherent parallelism of FPGAs while

minimizing resource utilization, leading to better trade-offs between speed, accuracy, and power

efficiency. To this end, deeper exploration of co-design techniques, such as Hardware-aware

Neural Architecture Search (HW-NAS) [224], can play a pivotal role. These approaches could

pave the way for automatic model optimization, potentially enabling the deployment of more

sophisticated detection models with less manual tuning.

A promising area is the creation of software tools that can seamlessly integrate the design,

optimization, and deployment processes for FPGA-based object detection systems. Although

tool development tends to be more commercially driven, incorporating open-source initiatives

and academic collaborations could stimulate further innovation. Additionally, the emergence of
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flexible hardware libraries and parameterizable soft cores capable of executing diverse object

detection algorithms on a wide range of FPGA devices could standardize and accelerate the de-

velopment cycle. Such efforts could emphasize modularity, enabling rapid adaptation to new

FPGA platforms and model architectures without extensive re-engineering.

The trend toward using distributed FPGA clusters for real-time object detection is another area

ripe for investigation. Distributed configurations could unlock higher performance and enable

the design of fault-tolerant and scalable systems suitable for hard real-time requirements [253].

Future studies could explore novel frameworks for inter-node communication, computational task

partitioning, and efficient scheduling strategies. As object detection models continue to grow

in size and complexity, research on scalable data partitioning schemes, latency minimization,

and load balancing across multiple FPGA nodes becomes increasingly vital. While some initial

studies [287–289] have explored these areas, the field could benefit from more refined techniques

to address the demands of emerging high-performance detection models.

The adoption of transformers in computer vision, particularly for object detection, has gained

significant traction, with transformer-based models showing performance that rivals or surpasses

that of conventional convolutional neural networks (CNNs) [100, 117]. However, implementing

these models on FPGA platforms presents unique challenges due to their complex architecture,

extensive parameter sets, and substantial computational and storage requirements [101]. Thus,

more in-depth research is required to bridge the gap between transformer-based models’ capab-

ilities and the hardware constraints of FPGA devices. Future studies could explore the following

directions to make FPGA-based transformer implementations feasible and efficient:

• Hardware-Friendly Transformer Architectures: Development of new transformer-based

object detection models optimized specifically for FPGA deployment, focusing on reducing

model complexity while maintaining accuracy.

• Innovative Hardware Accelerator Designs: Creation of specialized FPGA accelerators

that match the unique structural characteristics of transformers, such as self-attention op-

erations. These designs should emphasize parallelism and custom data paths to minimize

latency and optimize resource usage. Furthermore, leveraging reconfigurable hardware

properties to allocate resources for different transformer layers based on workload adapt-

ively could improve overall system efficiency.

• Enhanced Dataflow Techniques: Efficient dataflow management can significantly reduce

memory access and power consumption. Exploring new memory hierarchy designs, data

compression techniques, and efficient caching strategies can enhance parameter sharing and

data reuse across the transformer’s layers. Furthermore, research could focus on dynamic

memory allocation schemes tailored to transformer models to optimize on-chip memory

utilization.

Ultimately, the future of FPGA-based real-time object detection will likely involve a combination

of approaches, from the development of optimized hardware accelerators and software tools to

advancements in model co-design. As object detection models become increasingly sophisticated,

the field must evolve to address the growing demands for higher accuracy, lower latency, and

better power efficiency. Researchers will need to push the boundaries of both algorithmic and
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hardware architecture innovations to meet these challenges, setting the stage for breakthroughs in

real-time object detection on FPGAs.

2.7 Final Remarks

Real-time object detection plays a crucial role in applications such as autonomous vehicles and

robotics, demanding low latency, high throughput, and application-specific accuracy. Achieving

these requirements necessitates efficient system architectures. FPGAs have emerged as a compel-

ling choice for object detection due to their inherent parallelism, deterministic low latency, high

throughput, and ability to process images directly from external sources.

This paper presents a comprehensive review of FPGA-based real-time object detection, cov-

ering key implementation and optimization strategies. We discuss the distinction between soft

and hard real-time systems, advancements in object detection algorithms—particularly one-stage

CNN architectures for their balance of speed and accuracy—and widely used evaluation metrics

and datasets. Additionally, we analyze existing FPGA implementations, comparing their per-

formance using pixel throughput as a fair metric.

Despite notable advancements, several challenges remain, including integrating increasingly

complex models within FPGA constraints, optimizing resource utilization, and scaling designs

for higher-resolution video streams. Overcoming these hurdles requires innovative hardware-

software co-design approaches, enhanced toolchains, and hybrid architectures that combine FP-

GAs with other accelerators.

Moreover, FPGA-based real-time object detection faces challenges such as managing hard-

ware resource limitations while maintaining real-time performance, navigating the intricate devel-

opment process spanning hardware and software, and addressing the lack of flexible, integrated

design tools. Techniques like model simplification and knowledge distillation help mitigate these

issues but introduce accuracy trade-offs. Addressing these concerns necessitates advancements in

hardware-aware model optimization, streamlined development frameworks, and modular FPGA

architectures to enhance scalability and efficiency.

Future research directions may focus on optimizing hardware-friendly models, refining co-

design methodologies like HW-NAS, and developing integrated software frameworks for efficient

design. Exploring distributed FPGA clusters, modular hardware libraries, and specialized acceler-

ators for transformer-based models could further enhance scalability, accuracy, and performance,

enabling more efficient real-time systems across diverse applications.
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Chapter 3

Real-time Object Detection on FPGA-based
Heterogeneous MPSoCs: A Preliminary Analysis of
the Execution Bottlenecks

3.1 Introduction

Object Detection (OD) is a computer vision task that involves identifying and localizing ob-

jects within images or video sequences. In real-time OD systems, processing must be com-

pleted within a strict and predictable time frame to ensure reliability, safety, and consistency. Ad-

ditionally, it is important to achieve an acceptable inference speed, frame rate, and accuracy that

meets the requirements of the application of interest [290]. Nowadays, real-time OD is essential

in various applications, including autonomous vehicles [14], and industrial automation [291].

To improve accuracy, object detection models are becoming progressively larger and more

intricate, with deeper architectures. However, deploying such models on resource-constrained

devices presents significant challenges, mainly due to limitations in memory and computational

power [290]. The high computational demands and frequent memory access, required for the

execution of such large, complex models, can lead to significantly increased power consumption

and reduced processing speeds. Consequently, developing power-efficient, real-time OD systems

remains a critical challenge.

To enhance system performance in terms of speed, throughput, and power efficiency, Hard-

Ware Accelerators (HWAccs) such as GPUs, FPGAs, ASICs, or other dataflow/multithreaded

designs are used [292–296]. HWAccs are specialized components designed to execute specific

tasks much more efficiently than general-purpose processors or CPUs. Heterogeneous Multipro-

cessor Systems-on-a-Chip (MPSoCs) have garnered significant attention in this context [297], as

they integrate Programmable Logic (PL), or FPGA, with multiple hard processor cores on a single

chip, enabling effective task offloading and optimization of system performance.

To leverage the advantages of heterogeneous MPSoCs, this work explores the development

of real-time object detection using Tiny YOLOv2 [80] on an AMD Xilinx Zynq UltraScale+

platform. By utilizing both the Processing System (PS) and Programmable Logic (PL), the sys-

tem achieves high performance while maintaining low power consumption. The evaluation in-

cludes a comparative analysis against CPU and GPU implementations. Additionally, profiling

and memory analysis are conducted using the Vitis AI Profiler, provided by AMD Xilinx, to

identify potential bottlenecks and optimization opportunities. The insights gained from this study

contribute to improving real-time OD on other similar FPGA-based heterogeneous MPSoCs.
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3.2 Case Study: Accelerated YOLOv2 on Zynq Ultrascale+

3.2.1 Algorithm Pipeline Overview

Several effective approaches have been proposed for real-time object detection using deep learn-

ing techniques, including Single Shot MultiBox Detector (SSD) [2] and You Only Look Once

(YOLO) [1]. Among them, YOLO offers one of the best trade-offs between accuracy and speed.

It employs a single neural network to simultaneously predict object bounding boxes and class

probabilities in a single pass.

In this work, we use Tiny YOLOv2 trained on the Pascal VOC dataset [50] as the main OD

model. This model consists of nine convolutional layers, all of which are followed by Leaky

ReLU activation except for the final layer, which uses a linear activation function. The model

includes six max-pooling layers to progressively reduce spatial dimensions while preserving key

features. The last two convolutional layers refine the extracted features, with the final 1×1 con-

volutional layer, mapping them to bounding box predictions. The region layer divides the im-

age into a grid, assigns five anchor boxes per cell, and predicts object confidence scores, class

probabilities, and bounding box coordinates. This streamlined architecture enables an efficient

balance between speed and detection accuracy, making it well-suited for real-time applications

on resource-constrained hardware [290].

3.2.2 Pipeline Design Overview

Figure 3.1: Pipeline design of the real-time object detection system, centered around the DPU

inference engine, provided by Vitis AI, as the core of the accelerator design on the Kria KV260

board, featuring a Zynq UltraScale+ MPSoC.

To implement our real-time object detection system using Tiny YOLOv2, we leveraged AMD
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Xilinx’s Smart Camera project [298] as the baseline design. The system operates on the cost-

effective Kria KV260 board, equipped with a Zynq UltraScale+ MPSoC that integrates a quad-

core ARM Cortex-A53 processor, dual ARM Cortex-R5F real-time processors, and FPGA fabric,

making it well-suited for high-performance applications like real-time OD.

Figure 3.1 illustrates the pipeline design of the implemented system. The input video can

be captured from different sources, including an SD card, a Mobile Industry Processor Inter-

face (MIPI) single sensor device (MIPI camera), and a USB webcam. After applying some pre-

processing functions such as image resizing and quantization, the processed video stream is fed

into the Deep Learning Processor Unit (DPU), where the object detection model is executed.

The inferred frames can then be stored on an SD card or displayed via a DisplayPort (DP) or

High-Definition Multimedia Interface (HDMI).

3.3 Primary Implementation Results

Vivado and Vitis (both version 2021.1) are used to develop the hardware platform design on the

PL side and the application software on the PS side, respectively. Vitis HLS 2021.1 is employed

to implement PL accelerator kernels (excluding the DPU, shown as green units in Figure 3.1)

using C/C++. The Tiny YOLOv2 model is deployed using Vitis AI 1.4.0, which facilitates model

quantization from 32-bit floating-point to INT8 fixed-point format and compiles it for execution

on the DPU.

Table 3.1 presents the resource utilization of the implemented hardware platform.

Table 3.1: A Summary of Resource Utilization of Implementation Results.

Resource LUTs BRAMs DSPs FFs

Available 117120 144 1248 234240

Utilization 75075 101.5 583 129141

Utilization (%) 64.10 70.49 46.71 55.13

The system delivers a throughput of approximately 30 Frames Per Second (FPS) when pro-

cessing full-HD video streams captured from a MIPI camera or an SD card (both operating at 30

FPS).

To assess the performance achieved on the KV260 Zynq UltraScale+ MPSoC and conduct

a comparative analysis, Table 3.2 presents a comparison of the obtained results with those from

executing the same algorithm, Tiny YOLOv2, on an AMD Ryzen 5 5600H CPU and an NVIDIA

GeForce RTX 3050 GPU.

The evaluation focuses on key metrics, including throughput (FPS), power consumption (W),

and the power-delay product (PDP), with particular emphasis on relative PDP values as a measure

of efficiency across different platforms.

As the table shows, the MPSoC-based system (KV260 board) stands out as the most efficient

option for real-time object detection, delivering the highest throughput with the lowest power
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Table 3.2: Comparative performance and efficiency of the developed OD with Tiny YOLOv2

receiving a live video stream from an attached camera @ 30 FPS as input on CPU, GPU, and

KV260 Platforms, highlighting FPS, power consumption (W), and Power Delay Product (PDP)

(W.Sec).

HW
Platform

Processor
Quant.
(#bits)

FPS
Power

Consumption
(W)

Power
Delay

Product
(PDP)

(W.Sec)

Efficiency
(Relative PDP)

Comments

CPU
AMD Ryzen5

5600h
32 2.5 2.1 0.840 1 Single Core

CPU
AMD Ryzen5

5600h
32 8.0 5.3 0.663 1.26x

12 cores (with

OpenMP)

GPU
NVIDIA GeForce

RTX 3050
32 15 13.5 0.9 0.93x

12W by GPU

and 1.5W by

CPU are

consumed.

KV260
Zynq Ultrascale+

MPSoC
8 30 1.1 0.037 22.7x

consumption and the best power-delay efficiency. On the KV260 platform, the system is fed by

1920x1080 pixel video stream at 30 FPS using a MIPI camera, whereas other platforms receive

640x480 pixel video streams at 30 FPS via a USB camera. However, it should be mentioned that

in all scenarios, the OD model receives resized video frames of 416 × 416 pixels. The KV260

platform achieves a throughput of 30 FPS, significantly outperforming the GPU’s 15 FPS and the

CPU’s range of 2.5 to 8 FPS. It is important to note that when the GPU serves as the HWAcc in this

system, the CPU-based video capture unit and data transfer to the GPU introduce latency, limiting

overall FPS. However, on the KV260 board, the MIPI camera is directly connected to the PL side

of the Zynq UltraScale+ MPSoC, leading to reduced data transfer latency and enhanced video

stream acquisition performance. This capability ensures rapid video frame processing, essential

for real-time object detection applications.

In terms of power consumption, the MPSoC-based system consumes just 1.1 watts, making

it the most power-efficient platform among those tested. In contrast, the GPU uses 13.5 watts,

while the CPU setups consume between 2.1 and 5.3 watts, depending on the number of cores

utilized. Power consumption is measured using the "nvidia-smi" utility for the GPU and the

"PowerTOP" tool for the CPU, both running on Ubuntu 20.04. Additionally, to further optimize

CPU performance, OpenMP (Open Multi-Processing) is employed.

The MPSoC-based system also features the lowest Power Delay Product (PDP) of 0.036

W.sec, reflecting its superior energy efficiency. This metric, which combines performance and

power efficiency and is calculated as FPS−1×PowerConsumption, underscores the KV260’s

advantage over the GPU (0.886 W.sec) and CPU (ranging from 0.562 to 0.852 W.sec, depending

on the number of cores). Therefore, for the same power consumption, the KV260 platform deliv-

ers significantly better performance with reduced inference time compared to the other platforms.
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3.4 Execution Profiling and Bandwidth Analysis

To identify performance bottlenecks and opportunities for optimization, we can profile our applic-

ation using the Vitis AI Profiler, provided by AMD Xilinx. This tool collects runtime data from

the DPU, ARM cores, and DDR memory controller during inference and presents the information

in various formats, including text files and visual timelines, in Vitis Analyzer for further analysis.

The profiler allows us to examine the DPU and PS components, including preprocessing, post-

processing, and the DPU kernel during application execution. It displays the entire data pipeline

on a unified timeline, highlighting areas for improvement, and captures DDR memory read/write

accesses to offer a comprehensive system-wide view.

In our experiment, we use a MIPI camera as the input and a display through an HDMI port for

the output. Figure 3.2 illustrates the profiling results (timeline trace), visualized in Vitis Analyzer

2021.1. It shows the application’s profiling results, highlighting the interactions between the

application running on the PS (host) and the DPU via Hardware Abstraction Layer (HAL) API

calls1, data transfer between the PS and PL through DDR memory, and layer-by-layer model

execution on the DPU.

The profiling results indicate suboptimal parallelism, as evidenced by substantial CPU idle

time while waiting for the DPU. A more efficient hardware-software co-design, leveraging im-

proved task pipelining, could mitigate these stalls. Additionally, a hybrid control-flow/dataflow

execution strategy with fine-grained task management may enhance CPU-DPU parallelism, lead-

ing to higher throughput.

Figure 3.2: Timeline analysis of the application using Vitis AI Profiler, illustrating the interaction

between the application running on the PS and the DPU, data transfer between the PS and PL

through DDR memory, and the model execution on the DPU. The long "Execution wait" periods

can be inferred as a performance bottleneck, caused by inefficient task scheduling.

Additionally, the memory bandwidth utilization analysis from Vitis Analyze, shown in Fig-

ure 3.3, reveals that the DDR bandwidth is not being fully utilized. Although each port connecting

1The Hardware Abstraction Layer (HAL) API is a set of software functions that can provide a high-level interface for

configuring and interacting with hardware blocks on an MPSoC, enabling applications to communicate with the hardware

without dealing with low-level implementation details.
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the DPU and post-processing module to DDR supports a data transfer capacity of approximately

2400 MB/s, the bandwidth evaluation in Vitis Analyzer indicates that, most of the time, only up to

half of this capacity is used. This underutilization suggests a performance bottleneck in the data

pipeline. To improve system performance and utilize DDR bandwidth more efficiently, strategies

like optimizing data transfer, increasing parallelism between the DPU and post-processing stages,

or enhancing memory access patterns with a hybrid execution approach could be considered

Figure 3.3: DDR bandwidth (read/write) utilization in Vitis Analyzer, where each color represents

data transfer between a PL module (various DPU ports and the post-processing unit) and the DDR

controller via high-performance memory ports. Considering that each port theoretically supports

up to 2400 MB/s of total bandwidth (read + write), the observed memory bandwidth utilization

suggests potential for optimization.

3.5 Final Remarks

This paper evaluates the efficiency of FPGA-based heterogeneous MPSoCs for real-time object

detection by implementing Tiny YOLOv2 on an AMD Xilinx Zynq UltraScale+ MPSoC. The

results show that the FPGA-based system achieves 30 FPS while consuming just 1.1 W of power,

significantly outperforming CPU and GPU alternatives in both performance and power efficiency.

A preliminary analysis using the Vitis Profiler identifies key bottlenecks, particularly in memory

bandwidth utilization and task scheduling between the processing system and programmable lo-

gic. These findings suggest potential optimization through better data transfer, efficient hardware-

software co-design, and hybrid control/dataflow strategies.
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Chapter 4

Design and Validation of a Lightweight,
Energy-Efficient FPGA Streaming Architecture for
Graph Convolutional Networks (GCNs)

4.1 Introduction

G
raph Convolutional Networks (GCNs) have emerged as a transformative paradigm for pro-

cessing graph-structured data, establishing their dominance in domains ranging from so-

cial network analysis and recommendation systems to molecular property prediction and know-

ledge graph completion [299, 300]. The unique capability of GCNs to capture both node fea-

tures and graph topology through learnable aggregation and transformation functions has posi-

tioned them as essential tools for machine learning tasks involving non-Euclidean data struc-

tures [13, 300, 301]. Recent advances in domains such as drug discovery, financial network ana-

lysis, and real-time decision-making systems have further amplified the demand for efficient GCN

processing, particularly in resource-constrained environments where computational efficiency and

low latency are paramount [300, 301].

Despite their mathematical elegance and widespread applicability, GCNs present signific-

ant computational challenges that distinguish them from traditional deep neural networks. The

core GCN operation involves sparse matrix–matrix multiplication with irregular memory access

patterns, creating bottlenecks in conventional computing architectures [302–304]. The adjacency

matrix Ã exhibits extreme sparsity, often exceeding 99% in real-world graphs, leading to poor data

locality, irregular workload distribution, and inefficient resource utilization on general-purpose

processors [300, 302, 305]. Furthermore, the heterogeneous nature of graph data, where nodes

exhibit vastly different degrees and connectivity patterns, exacerbates load imbalance issues and

complicates parallelization strategies [300, 301, 306].

Field-Programmable Gate Arrays (FPGAs) have emerged as a compelling solution for GCN

acceleration due to their inherent advantages in handling irregular computation patterns and their

ability to implement custom memory hierarchies [13,300,303]. The reconfigurable nature of FP-

GAs enables domain-specific optimizations that directly address GCN computational bottlenecks,

including specialized sparse matrix processing units, custom data formats for irregular access

patterns, and fine-grained parallelism strategies [13, 301, 303]. Moreover, FPGA-based imple-

mentations offer superior energy efficiency compared to GPUs [307], making them particularly

attractive for edge computing applications and large-scale deployment scenarios [300, 303, 306].

FPGA-based GCN accelerators have been explored through several complementary research

directions, each addressing distinct computational challenges and introducing specific trade-offs.

Some approaches focus on exploiting structural properties of graphs, such as adjacency matrix
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symmetry and node degree distribution, to reduce computational redundancy [302,305]. Quantization-

based techniques have also been explored to reduce arithmetic complexity and memory require-

ments. In particular, ternary quantization schemes have demonstrated strong effectiveness for

resource-constrained implementations [303]. Another line of work emphasizes architectural flex-

ibility and model generality, proposing overlay processors and dataflow architectures capable of

supporting diverse GNN variants without requiring FPGA redeployment [13, 301].

However, existing FPGA-based GCN accelerators face several limitations that constrain their

practical deployment. Specialized optimization techniques often sacrifice architectural general-

ity, limiting accelerators to specific graph types or GCN variants [302,303,305]. Flexible overlay

approaches, while supporting multiple models, introduce instruction interpretation overhead and

complex scheduling mechanisms that reduce peak computational efficiency [13, 301]. Further-

more, most current implementations require sophisticated preprocessing algorithms or rely on

graph-specific optimizations that compromise real-time processing capabilities and limit applic-

ability to dynamic graph scenarios [306, 308].

This work addresses these limitations by introducing a lightweight and power-efficient stream-

ing FPGA architecture that directly maps the core GCN operations into hardware while preserving

broad model compatibility. The proposed design removes the overheads of instruction-driven

overlays and avoids graph-specific preprocessing, enabling a purely dataflow-oriented execution

that is well suited for resource-constrained devices. By centering the architecture around the

fundamental sparse–dense and dense–dense computations of GCNs, and by employing scalable

SpMM engines together with an efficient streaming datapath, the design achieves a favorable

balance between computational throughput, resource utilization, and implementation simplicity.

The main contributions of this work are:

• a direct FPGA-based hardware realization of the GCN accelerator, eliminating instruction-

interpretation and control overhead;

• a unified, fully streaming architecture that integrates sparse aggregation and dense trans-

formation in a resource-efficient manner;

• a lightweight implementation tailored for mid-range FPGAs, demonstrating low power con-

sumption and competitive performance on widely used citation datasets; and

• an analysis of architectural trade-offs that highlights the benefits of dataflow execution,

resource scalability, and dataset-aware fixed-point quantization.

The remainder of this paper presents the related work (4.2), motivation (4.3), the proposed ar-

chitecture (4.4), quantization methodology (4.5), evaluation results (4.6), and concluding remarks

(4.7).

4.2 Literature Review

Graph Convolutional Networks (GCNs) have become essential for extracting features from non-

Euclidean data structures, yet their unique sparsity and irregular computation patterns present sub-

stantial challenges to efficient hardware acceleration. In particular, the aggregation phase, dom-

inated by sparse matrix-matrix multiplications, creates irregular memory access, low data reuse,
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and workload imbalance. FPGA-based solutions have advanced through multiple perspectives,

including symmetry exploitation, quantization, architectural flexibility, and software–hardware

co-design.

4.2.1 Symmetry-Aware and Sparse Data Optimizations

Several architectures leverage graph symmetry to minimize redundant computation and memory

traffic. Nair et al. process only the upper or lower triangular adjacency matrix, halving redundant

edge accesses and improving memory reuse [302]. Their dynamically reconfigurable cores unify

aggregation and transformation, reduce pipeline stalls, and achieve up to 110× speedup over CPU

and GPU baselines on Cora and Reddit. Jiang et al. present SSM-GCN, exploiting symmetric

sparse matrix multiplication (SSpMM) through the SPCOO compression format, compatible with

both symmetric and asymmetric matrices [305]. Their unified PE dynamically handles SpMM and

SSpMM, reaching up to 318× acceleration over CPU and 14× over GPU, with DSP utilization

up to 95% on the Alveo U50.

4.2.2 Quantization and Resource Efficiency

Quantization reduces arithmetic complexity and memory footprint. Chen et al. propose ATE-

GCN, coupling asymmetrical ternary quantization with a unified PE array [303]. Specialized

intervals fit the GCN weight distribution, keeping accuracy loss under 2% while reducing DSP

usage up to 3×. Their system achieves 11× latency reduction versus GPU on VCU118, combin-

ing ternary and SpMM modes at double frequency. Such quantization provides compute density

but introduces portability trade-offs across different graph types.

4.2.3 Dataflow and Architectural Flexibility

Modern designs seek a balance between flexibility and performance. Tang et al. introduce Graph-

OPU, an FPGA overlay processor with an integrated compiler and instruction set [13]. Support-

ing GCN, GAT, and GraphSAGE without redeployment, it unifies GEMM and SpMM via shared

PEs and high-bandwidth memory, providing 1.45× lower latency than prior overlays. Instruc-

tion abstraction, however, limits maximum efficiency versus static designs. Sarkar et al. present

FlowGNN, a generic dataflow accelerator for real-time inference [301]. Abandoning prepro-

cessing, FlowGNN pipelined message passing and node transformation using multi-queue mul-

ticasting, validated on Alveo U50 with up to 242× speedup over CPU and 1.35× over GPU.

Generic architectures increase applicability but can penalize resource number efficiency.

4.2.4 Software–Hardware Co-Design Frameworks

Algorithmic and architectural co-optimization is another promising direction. Ran et al. combine

attention-based graph sparsification with a two-stage accelerator for aggregation and combination

phases [308]. Sparsified k-neighbor graphs improve locality, and their design speeds up inference

by 7.3× over CPU and 13.7× over GPU, maintaining accuracy within 1%. Co-design demon-

strates the benefits of integrated software preprocessing and hardware parallelism to address data

irregularity.
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4.2.5 Comparative Insights and Research Gaps

Recent works reveal a timeline from static symmetry-aware designs toward flexible overlays.

Earlier systems optimized computational redundancy [302,308], while newer ones focus on com-

pression, quantization, and reconfigurability [13, 305]. Trade-offs remain between performance,

flexibility, and regularity. No existing architecture fully unifies flexibility, low control overhead,

and high compute density in resource-constrained FPGA fabrics. Overlays lose efficiency from

instruction abstraction, while symmetry-based accelerators restrict model or graph applicability.

Therefore, a gap persists for a streamlined, formula-centric FPGA design directly implementing

H(l+1) = σ(ÃH(l)W (l))

that merges performance, efficiency, and broader GCN support.

4.3 Motivation

Existing works on FPGA-based acceleration of Graph Convolutional Networks (GCNs) primar-

ily target high-end data center platforms characterized by advanced FPGA architectures such as

UltraScale+ series, integration of High-Bandwidth Memory (HBM), and enhanced connectivity

features. These designs typically leverage large FPGA fabrics and are tightly coupled with host

systems to achieve superior performance within heterogeneous computing environments. How-

ever, such FPGA devices incur significantly higher costs due to their advanced hardware features,

making them less suitable for cost-sensitive or resource-constrained applications.

In contrast, there is a noticeable gap in FPGA-based GCN accelerator designs optimized for

embedded and edge computing contexts. Mid-range standalone FPGA devices, which offer a bal-

anced trade-off between cost, power consumption, and computational capability, have not been

adequately explored for efficient GCN acceleration. These devices often lack advanced memory

subsystems like HBM and rely on more modest resources, demanding novel architectural ap-

proaches.

Therefore, there is a pressing need for scalable, lightweight, and energy-efficient GCN accel-

erator architectures tailored specifically for embedded edge platforms. Such architectures should

maximize computational throughput and memory efficiency within the constraints of mid-range

FPGA resources, enabling practical deployment of GCNs in power-sensitive and cost-restricted

environments.

This work is motivated by bridging this gap: proposing an architecture that delivers power-

efficient, streaming-based GCN acceleration on compact FPGAs suitable for edge computing,

addressing key challenges of memory irregularity, workload imbalance, and computational effi-

ciency without reliance on costly hardware features.

4.4 Architecture

4.4.1 Overview

As shown in Fig. 4.1, the accelerator employs a streaming architecture optimized for efficiency

by adopting the following execution order:
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Figure 4.1: Overall streaming architecture of the proposed GCN accelerator.

In the first GCN layer, the operations proceed as:

1. XW0

2. Â(XW0)

3. H0 = ReLU(ÂXW0)

In the second layer, the sequence is:

1. ÂH0

2. (ÂH0)W1

3. H1 = Softmax(ÂH0W1)

The normalized adjacency matrix Â and input feature matrix X , stored in Compressed Sparse

Row (CSR) format, are fetched from off-chip DRAM into on-chip memory. Weight matrices are

stored in on-chip ROM memory banks, with each column allocated to a separate memory block

to enable parallel data reads.

To improve efficiency, the first layer begins with matrix multiplication XW0 to reduce dimen-

sionality, since the number of columns in weight matrix W0 is typically much smaller than the

number of features in X . This yields a smaller intermediate matrix, facilitating more efficient sub-

sequent computations. Table 4.1 illustrates the significant reduction in computational complexity

achieved by rearranging the matrix multiplication order from ((AX)W) to A(XW), especially for

highly sparse feature matrices.

In the second layer, however, because feature width is already reduced, the multiplication

H0W1 does not significantly decrease the number of multiply-accumulate (MAC) operations.

Therefore, performing the graph propagation step AH0 before the weight transformation (AH0)W1

is more efficient. This ordering eliminates the need for additional memory blocks to store inter-

mediate results, thereby reducing hardware footprint. The memory optimization strategy will be

detailed later.

The softmax function is assumed to be executed on the host CPU, given its computational

complexity involving exponentials and divisions, which are challenging and resource-intensive to
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Table 4.1: Computational complexity under different execution orders [13]

.

Datasets Operations (MAC Count)

Order 1 ((AX)W) Order 2 (A(HX))

Cora 62.8M 1.33M

CiteSeer 198.0M 2.23M

PubMed 165.5M 18.6M

implement efficiently on an FPGA. This choice aligns with the accelerator design goals prioritiz-

ing system performance and energy efficiency.

Figure 4.2: Sparsity analysis of input matrices for Cora, Citeseer, and Pubmed datasets. The

blue bars represent the sparsity of the Adjacency Matrix (A), which drives the Aggregation phase

design. The orange bars represent the sparsity of the Feature Matrix (X), influencing the efficiency

of the Combination phase.

Considering the sparsity of matrices X and A in GCNs (see Fig. 4.2), the accelerator em-

ploys three Sparse-Dense Matrix Multiplication (SpMM) modules to efficiently compute XW0,

A(XW0), and AH0, along with one Dense-Dense Matrix Multiplication (DDMM) module to

compute (AH0)W1. To perform end-to-end system validation, the entire input matrices (i.e., Â

and X) and output matrix are stored in the on-chip memory. Since the DDMM module processes

inputs sequentially in row-major order, the PS2_Conv unit serializes the parallel output from the

last SpMM module, which performs AH0.

In the following sections, each module is discussed in more detail.
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4.4.2 Sparse-Dense Matrix Multiplication (SpMM) Module

The Sparse-Dense Matrix Multiplication (SpMM) module is a critical component of the accel-

erator, designed to efficiently perform sparse-dense matrix multiplications fundamental to Graph

Convolutional Networks (GCNs). The input sparse matrices, i.e., Â and X , are encoded using the

Compressed Sparse Row (CSR) format to optimize memory storage and access efficiency.

The CSR format represents the sparse matrix using three arrays: row_ptr, col_idx, and

values. The row_ptr array stores the starting positions of each row’s non-zero elements in

the col_idx and values arrays. The col_idx array contains the column indices of these

non-zero elements, and the values array holds the corresponding non-zero matrix entries. This

format significantly reduces memory footprint by storing only non-zero entries and enables fast

row-wise traversal, which is well-suited for streaming architectures.

Fig. 4.3 illustrates the block diagram of the SpMM module.

Figure 4.3: Overall block diagram of the Sparse Matrix Multiplication (SpMM) Module. The

module consists of an FSM-based control unit coordinating data flow between the memory blocks

and the core MAC_Sparse units.

During operation, the module iterates over each row of the input sparse matrix by reading

row_ptr values to determine the number of non-zero elements per row. Each non-zero element

is then fetched along with its column index and multiplied by the corresponding element from

the dense feature matrix within the MAC_Sparse units. Partial products resulting from these

multiplications are accumulated to form the dense output matrix rows. This computation follows

an inner product dataflow, where output matrix rows are formed by accumulating products over

the sparse matrix’s non-zero elements multiplied by the dense matrix columns.

The architecture achieves parallelism by distributing the workload across a configurable num-

ber of MAC_Sparse units. Each MAC_Sparse unit contains a multiply-accumulate (MAC)
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engine that processes assigned columns of the dense matrix, performing multiplications and ac-

cumulations in parallel for the non-zero elements of each sparse matrix row. By increasing the

number of parallel MAC_Sparse units, the accelerator scales its throughput proportionally, ef-

fectively balancing hardware resource utilization and performance needs.

A finite state machine (FSM) orchestrates the entire computation procedure of the SpMM

module. The FSM controls the sequencing of reading CSR arrays, fetching corresponding dense

matrix data, enabling MAC operations, tracking progress via counters, and managing write-back

of intermediate and final results to output memory. Beyond memory management, the FSM

dynamically adapts to irregular sparsity patterns by processing varying numbers of non-zero ele-

ments per row, thus ensuring pipeline efficiency and preventing redundant computations.

In summary, by integrating CSR-based sparse data representation, parallel MAC units, in-

ner product dataflow, and FSM-controlled computation and memory flow, the SpMM module

delivers a scalable, resource-efficient, and high-throughput sparse-dense multiplication engine

fundamental to the performance of the overall GCN accelerator.

4.4.3 Dense-Denes Matrix Multiplication (DDMM) Module

The Dense-Dense Matrix Multiplication (DDMM) module employs a one-dimensional systolic

array architecture to efficiently perform matrix multiplication for dense matrices, which is essen-

tial for the later layers of Graph Convolutional Networks (GCNs).

As shown in Fig. 4.4, the weight parameters of the dense weight matrix are stored in dedicated

memory banks, with each column assigned to a separate memory bank. Each memory bank is

connected to a MAC unit within the systolic array, enabling parallel access to the weight values

corresponding to that column.

The module accepts stream input vectors corresponding to activations or intermediate feature

maps from the preceding pipeline stage. The input streams flow through the systolic array, where

each MAC unit performs multiply-accumulate operations in a pipelined manner. The systolic

structure facilitates sequential data propagation across MAC units, efficiently accumulating partial

sums to compute each element of the output matrix.

Outputs are streamed out in a row-major order, supporting continuous data flow without inter-

mediate buffering, thus minimizing latency and resource usage. This architecture is well-suited

for FPGA implementations targeting embedded GCN acceleration.

4.4.4 Parallel-to-Serial Converter (P2S_Conv) Module

The P2S_Conv module bridges the data format gap between the parallel output of the Sparse-

Dense Matrix Multiplication (SpMM) module and the serial input requirement of the Dense-

Dense Matrix Multiplication (DDMM) module. It receives wide parallel data streams from the

SpMM module and serializes these into a single-stream data flow suitable for subsequent pro-

cessing. The architecture employs a double buffering (ping-pong) technique in conjunction with

a dual-clock domain scheme, enabling concurrent data acquisition and serialization while main-

taining data integrity and synchronization.

To prevent data loss and ensure continuous data flow without conflict, the module employs a

double buffering technique, commonly known as ping-pong buffering. While one buffer is act-
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Figure 4.4: Block diagram of the Dense-Dense Matrix Multiplication (DDMM) Module. The

module features a 1D Systolic Array for processing data received from the P2S Conversion stage,

using an internal Memory Bank for weight storage.

ively being filled with new parallel data, the other buffer outputs serialized data to the DDMM

module. This buffering strategy efficiently guarantees seamless handoff and synchronization

between the domains or modules, thereby avoiding data conflicts that may arise if new data arrives

before serialization of the previous batch is complete. Furthermore, to enhance performance and

reduce serialization latency, the P2S_Conv module can operate at an increased clock frequency

(twice the base system clock frequency in our case), after the initial data buffering. By operating

the serialization logic at a higher clock frequency, the module achieves increased throughput and

avoids data transfer conflicts.

Together, these design choices, i.e., double buffering combined with dynamic clock frequency

scaling, not only ensure accurate and conflict-free data transfer but also maintain the streaming

architecture’s overall efficiency without introducing stalls or performance degradation.

Overall, the key fetures of P2S_Conv module includes:

• Converting wide parallel data (from SpMM) into a serialized data stream (for DDMM).

• Employing ping-pong double buffering to prevent data conflicts and losses.

• Incorporating a dual-clock domain design to enable concurrent parallel input loading and

high-speed serial output generation.
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• Utilizing an FSM-based control mechanism to ensure deterministic data flow and precise

synchronization between buffers.

• Preserving data integrity and synchronization throughout the streaming pipeline.

4.5 Data-Aware Quantization and Scaling Methodology

The implementation of GCN accelerators on devices like FPGAs necessitates the use of reduced-

precision numerical formats to minimize hardware resource utilization, latency, and power con-

sumption. While software training environments typically rely on high-precision floating-point

arithmetic, fixed-point representations are better suited for FPGA implementation due to their

efficient mapping onto the device’s Digital Signal Processing (DSP) blocks and logic resources.

A critical challenge in adopting fixed-point formats is determining the optimal bit-width and

scaling factor (the position of the binary point) for different intermediate tensors within the net-

work. Suboptimal scaling leads to a trade-off between acceptable quantization error (precision

loss due to limited range) and efficient resource utilization (wasted bit-width).

To address this challenge effectively, we employ a data-aware, layer-wise static fixed-point

quantization methodology facilitated by comprehensive offline data distribution profiling. This

approach is part of a software-hardware co-design flow that optimizes numerical precision while

maintaining high inferencing accuracy for a given target dataset.

4.5.1 Profiling-Guided Fixed-Point Configuration

Our methodology utilizes a uniform 16-bit fixed-point representation throughout the accelerator

for all major tensors, including the adjacency matrix (A), feature matrix (X), and weight matrices

(W). This fixed total width simplifies global data paths and control logic.

To maximize the effective utilization of this 16-bit width across various layers, which naturally

exhibit different dynamic ranges, we perform a comprehensive analysis of value distributions

during a software emulation phase. The methodology is structured as follows:

1. Software Simulation and Range Analysis: We execute the GCN model on target data-

sets (e.g., the CORA dataset) using a high-precision floating-point software environment.

During this simulation, we monitor and record the maximum absolute value (Vmax) for all

intermediate results generated after major computational steps, such as sparse matrix-vector

multiplication (A×X) and subsequent dense linear transformations (AX×Wi).

2. Scaling Factor Determination: Based on the observed Vmax for a given tensor, we de-

termine the minimum required number of integer bits (I) to prevent overflow using the

formula:

I = ⌈log2(Vmax + ϵ)⌉

where ϵ is a small margin. The remaining bits are allocated to the fractional part (F ), such

that the total width is fixed at 16 bits (I + F = 16). This approach ensures the dynamic

range is captured without overflow while maximizing fractional precision.
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3. Hardware Parameterization: The derived scaling factors and corresponding Vmax values

are used as synthesis-time parameters for the hardware modules. This process configures

the fixed-point arithmetic units statically before deployment, enabling rapid adaptation of

the accelerator’s numerical behavior to specific dataset characteristics without requiring

manual redesign of the HDL code.

The final implementation manages the fixed-point alignment through parameterized bit-shift

operations determined entirely at synthesis time based on the input range parameters derived

from profiling. This design choice ensures optimal static fixed-point precision for a given dataset,

avoiding the area and latency overhead typically associated with run-time dynamic quantization

logic.

4.6 Evaluation Results

4.6.1 Experimental Setup

We implement the proposed accelerator in SystemVerilog HDL on a Genesys 2 board equiped

by a Kintex7 FPGA with AMD part number XC7K325T-2FFG900C. The complete design flow,

encompassing synthesis, functional verification, physical implementation, and timing closure, is

managed using the Xilinx Vivado 2021.1 Design Suite.

For validation of the end-to-end GCN inference pipeline, two canonical, small-to-medium

scale graph datasets are employed: Cora and CiteSeer. Larger datasets, such as PubMed, could not

be integrated for complete end-to-end validation under this memory model. Table 4.2 summarizes

the key characteristics of the datasets used in this evaluation, including the number of nodes,

edges, feature dimensions, classes, and the number of GCN layers.

Table 4.2: Characteristics of Citation Network Datasets for GCN Evaluation.

Dataset Nodes Edges Features Classes Layers

Cora 2,708 10,556 1,433 7 2

Citeseer 3,327 9,104 3,703 6 2

Pubmed 19,717 88,648 500 3 2

4.6.2 Primary Experimental Results

This section details the key quantitative outcomes of the proposed GCN accelerator implement-

ation, focusing on both resource utilization and core performance metrics derived from deploy-

ments on the Cora and CiteSeer benchmark datasets.

Hardware Utilization and Core Performance

The overall hardware utilization , as shown in Table 4.3, confirms a resource-optimized design

point. The accelerator achieved efficient usage of key components, consuming only 55 and 54
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Digital Signal Processing (DSP) components for the Cora and CiteSeer workloads, respectively.

This low DSP footprint, alongside moderate Block RAM (BRAM) consumption (168 to 242

blocks), highlights the architecture’s focus on minimizing physical area overhead while prioritiz-

ing on-chip data locality to handle the sparse computations.

Table 4.3: FPGA Resource Utilization and Core Performance Metrics.

Dataset Freq. (MHz) LUT FF BRAM DSP Latency (ms) Power (W) EE (graphs/J)

Cora 150 1, 446 2, 823 168 55 1.77 0.305 ∼ 1, 852

CiteSeer 145 1, 501 3, 168 242 54 3.47 0.518 ∼ 556

Throughput and Energy Efficiency

The implemented kernel delivered low execution latencies of 1.77 ms for Cora and 3.47 ms for

CiteSeer, demonstrating suitability for most real-time applications [290]. A critical architectural

objective was to achieve high Energy Efficiency (EE), defined as the ratio of throughput to average

power consumption (graphs/Joule). The low measured power consumption (e.g., 0.305 W for

Cora) directly translated into high energy efficiency, with the Cora implementation achieving

approximately 1, 852 graphs/J. This result unequivocally validates the architectural co-design

strategy focused on high-throughput, low-power GCN acceleration.

Numerical Integrity and Final Accuracy

Despite the reduced precision required for hardware efficiency, the architecture successfully main-

tained numerical integrity. As illustrated in Table 4.4, the mean absolute error after quantization

remained extremely low, measuring 1.66 × 10−4 for Cora and 1.25 × 10−4 for CiteSeer. This

minimal error ensured that the final computed classification accuracy was preserved: 81.6% for

Cora and 70.3% for CiteSeer. By matching the full-precision software baseline without any loss

in accuracy, the 16-bit fixed-point scheme is definitively validated as a robust design choice for

performance-critical GCN inference.

Table 4.4: Numerical Precision and Accuracy Preservation with 16-bit Fixed-Point Quantization.

Dataset Max Absolute Error Mean Absolute Error Relative Quantization Error Classification Accuracy
(×10−4) (×10−4) (MAENormalized) (Full-Precision / Fixed-Point)

Cora 7.12 1.66 0.0174% 81.6% / 81.6%

CiteSeer 10.20 1.25 0.0178% 70.3% / 70.3%

Note: Error metrics compare the 16-bit fixed-point hardware output (H) against the floating-point software

reference (S). The consistently low relative error confirms the numerical integrity of the fixed-point

arithmetic, ensuring no loss in classification accuracy.
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4.6.3 Design Space Exploration for SpMM Parallelism

To evaluate the scalability of the proposed Sparse–Dense Matrix Multiplication (SpMM) module,

a design space exploration is performed by varying the degree of parallelism, defined by the

number of MAC_Sparse units, or Processing Elements (PEs), instantiated in the architecture.

Each PE performs independent partial computations on non-zero elements of the sparse matrix,

allowing the workload to be distributed across multiple computation units. This parameter directly

affects the resource utilization, execution latency, and overall throughput of the accelerator.

Table 4.5 summarizes the results obtained from experiments conducted using the Cora dataset.

The table reports the latency (T ), the number of DSP blocks utilized (NDSP), the achieved speedup

(S), and the DSP efficiency (EDSP) relative to the baseline configuration with P = 2. As shown,

increasing the number of PEs leads to a significant reduction in latency—from 13.93 ms with

2 PEs to 1.77 ms with 16 PEs, corresponding to a speedup of 7.87×. Overall, these results

demonstrate an effective trade-off between latency and resource utilization.

Table 4.5: Design Space Exploration for SpMM Parallelism Scaling with Cora.

P T NDSP S EDSP

(#PEs/Layer) (Latency, ms) (#DSP Blocks) (Speedup) (DSP Efficiency)

2 13.93 13 1.00× 1.00×

4 6.98 19 1.99× 1.35×

8 3.50 31 3.98× 1.68×

16 1.77 55 7.87× 1.90×

Notes: P is the number of Processing Elements dedicated to the SpMM module per layer. T is the

measured inference latency. NDSP is the physical count of DSP blocks utilized. S is the speedup ratio

relative to the baseline P = 2 configuration. EDSP is the effective DSP utilization efficiency, calculated as

the ratio of speedup to the normalized DSP count increase.

4.6.4 Cross-Platform Performance and Energy Efficiency on Benchmark
Datasets

To rigorously evaluate the efficiency of our proposed FPGA-based GCN accelerator, we con-

ducted a cross-platform comparison against state-of-the-art CPU and GPU implementations, spe-

cifically focusing on the widely adopted Cora and Citeseer benchmark datasets. The baseline

performance data for the CPU (Intel i7-12700F) and GPU (Nvidia RTX 4090) implementations

is sourced from a recent comparative study, the ATE-GCN paper [303].

Table 4.6 presents the end-to-end inference latency, corresponding power consumption, and

resulting energy efficiency (EE) across the three platforms for both datasets. The results clearly

demonstrate the performance and power advantages of the dedicated hardware solution:

• Performance (Latency): The GPU exhibits the lowest latency, achieving a 12.3× spee-

dup over the CPU on Cora (8.61 ms vs 0.70 ms). Our FPGA accelerator demonstrates
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Table 4.6: Comparison of latency and Energy Efficiency (EE) across platforms on Cora and

Citeseer datasets.

Platfrom Dataset Latency (ms) Power (W) EE (graphs/J)

CPU [303]
Cora 8.61 47.2 2.46

Citeseer 9.98 N/A N/A

GPU [303]
Cora 0.7 74.12 19.27

Citeseer 1.13 N/A N/A

FPGA (our)
Cora 1.67 0.553 1,082.83

Citeseer 3.47 0.518 556.34

Figure 4.5: Energy Efficiency (EE) comparison across CPU, GPU, and the proposed FPGA ac-

celerator, demonstrating the superior EE achieved by the dedicated hardware solution.

competitive latency, being approximately 2.38× slower than the GPU on Cora (1.67 ms vs

0.70 ms)6.

• Energy Efficiency (EE): The EE metrics highlight the substantial advantage of the pro-

posed FPGA-based design. On the Cora dataset, our FPGA design achieves an EE of

1, 082.83 graphs/J, outperforming the GPU at 19.27 graphs/J by approximately 56.1×.

This remarkable gain is primarily due to the drastically lower power consumption of our

accelerator (0.553 W) compared to the CPU (47.2 W) and GPU (74.12 W).

This comparative evaluation confirms that while modern GPUs may excel in raw computa-
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tional throughput, the proposed FPGA architecture offers a superior solution for energy-constrained

environments. The ability of the dedicated FPGA hardware to maintain near-optimal energy ef-

ficiency, even when processing the irregular memory access patterns of the sparse aggregation

phase, makes it a highly viable platform for real-time GCN inference, especially in edge com-

puting applications where a high metric of graphs/Joule is paramount. The substantial advantage

in Energy Efficiency (EE) for the proposed FPGA accelerator over commercial platforms is also

visually summarized in Fig. 4.5.

4.6.5 Comparative Performance Analysis

We present a quantitative evaluation of our optimized GCN accelerator in comparison with state-

of-the-art high-performance implementations, using the standard Cora and Citeseer datasets.

Unlike existing architectures deployed on high-end FPGA platforms such as the AMD/Xilinx

VCU118 and the Alveo U50, our design targets the embedded-class Kintex-7 platform, which

imposes substantially stricter resource constraints.

As summarized in Table 4.7, our accelerator exhibits markedly lower resource utilization and

power consumption—two key factors for edge-AI deployments on resource-constrained devices.

The design requires at most 55 DSP slices (Cora), highlighting its suitability for platforms with

tightly limited DSP budgets. This corresponds to an approximate 70× reduction in DSP usage

relative to the most resource-intensive architecture reported in the literature. The compact LUT

and BRAM footprint further confirms the efficiency of the implementation on the constrained

Kintex-7 fabric.

Measured core power consumption is exceptionally low, ranging from 0.553 W (Cora) to

0.518 W (Citeseer). Such low power demand is crucial for real-world edge-AI scenarios, where

thermal limits and battery capacity preclude the deployment of power-hungry accelerators (e.g.,

compared to the 11.77 W reported for the VCU118 platform). In addition, despite adopting

higher-precision quantization (16-bit fixed-point), our design achieves the highest reported ac-

curacy among comparable works.

The comparatively higher absolute latency is a deliberate trade-off resulting from the archi-

tectural decision to minimize DSP usage. This design choice emphasizes feasibility on single-

instance, resource-limited platforms rather than maximizing peak throughput.

To enable a fairer comparison of throughput across architectures operating at different clock

frequencies and DSP budgets, we additionally report the normalized throughput metric defined

as:

Norm.Throughput =
1

Latency(s)× Freq.(s−1)×DSPs

which incorporates both operating frequency and DSP utilization.

As shown in Fig. 4.6, our design achieves the second-highest performance after Graph-OPU

[13], demonstrating that the tight integration of the dataflow architecture and processing elements

enables highly effective computational extraction even from a constrained DSP pool.
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Figure 4.6: Comparison of normalized throughput with SOTA on Cora dataset.

4.7 Final Remarks

This paper presented a lightweight and energy-efficient FPGA accelerator for Graph Convolu-

tional Networks (GCNs), targeting mid-range devices with tight resource and power constraints.

The proposed design employs a unified streaming architecture, scalable SpMM engines, and a

fixed-point quantization strategy to directly implement the GCN computation without instruction-

driven overheads or preprocessing.

Experimental results on the Cora and Citeseer datasets demonstrate that the accelerator achieves

1.77–3.47 ms end-to-end latency while consuming only 0.305–0.553 W, resulting in energy effi-

ciencies of up to 1,082 graphs/J, more than 50× higher than that of a modern GPU. Despite its

compact footprint the architecture preserves full classification accuracy under 16-bit fixed-point

arithmetic. A design-space exploration further confirms efficient scalability of the SpMM module

under increasing parallelism.

Overall, this work shows that competitive GCN inference performance can be achieved on

modest FPGA hardware through careful dataflow co-design and precision-aware implementation.

Future work will extend the architecture to broader GNN variants, dynamic graph workloads, and

multi-engine parallelism for higher throughput.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

This dissertation investigated the design, optimization, and evaluation of FPGA-based hardware

architectures for deep learning workloads, with a particular focus on real-time object detection

(OD) and graph convolutional network (GCN) inference. Across heterogeneous platforms—from

resource-constrained edge FPGA devices to modern MPSoCs—the thesis demonstrated how care-

ful hardware–software co-design, dataflow-aware architecture development, and precision-aware

techniques can substantially enhance performance and energy efficiency while maintaining model

accuracy.

The first part of the thesis introduced a comprehensive and, to our knowledge, first dedicated

survey on real-time object detection on FPGAs. By analyzing existing accelerator designs, archi-

tectural strategies, and optimization techniques, this survey established a unified categorization of

FPGA-based OD accelerators and introduced pixel throughput as a fair and hardware-independent

metric for cross-paper comparison. The survey highlighted clear trends toward dataflow architec-

tures, hardware-friendly model adaptations, and the integration of quantization, pruning, and buf-

fering optimizations to close the gap between algorithmic complexity and hardware constraints.

This systematic review laid the scientific foundation for the subsequent contributions of the thesis.

The second part presented the first in-depth empirical study of real-time object detection on a

heterogeneous FPGA-based MPSoC using Tiny YOLOv2 on an AMD Xilinx Zynq UltraScale+

platform. The implemented system achieved real-time performance with significantly higher en-

ergy efficiency compared to traditional CPU and GPU platforms. Through rigorous profiling

using the Vitis AI Profiler, the work exposed execution bottlenecks rarely discussed in the liter-

ature, including insufficient CPU–DPU parallelism, DDR underutilization, and memory-bound

pipeline stalls. These insights are critical for next-generation MPSoC-based accelerators and re-

inforce the need for hybrid execution pipelines that combine hardware parallelism with optimized

software scheduling.

The final part of the thesis introduced a lightweight, streaming FPGA architecture for GCN

inference. The proposed design combined sparse–dense matrix multiplication engines, a unified

dataflow architecture, and a profiling-guided 16-bit fixed-point quantization scheme. Experiments

on standard graph datasets demonstrated millisecond-level inference latency and energy efficien-

cies exceeding those of modern GPUs by more than an order of magnitude. This result confirms

that well-designed FPGA accelerators can deliver competitive GNN performance while operating

within the resource and power envelopes of embedded platforms. Furthermore, the design showed

scalable parallelism, validating its applicability to future large-scale or multi-engine architectures.
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Overall, the thesis shows that FPGA platforms—when paired with careful architecture co-

design and precision-aware optimizations—can provide a highly efficient computing substrate

for both CNN-based object detection and GNN workloads. The insights gained across the three

complementary research directions provide a consolidated view of existing challenges, promising

solutions, and open research opportunities for the broader community working at the intersection

of machine learning and reconfigurable computing.

5.2 Future Work

Building on the outcomes of this research, several promising directions can further advance

FPGA-based acceleration of deep learning models:

• Hardware–Aware Neural Architecture Search (HW-NAS) for Real-Time OD

Current OD models are not inherently optimized for the computational and memory char-

acteristics of FPGAs. Future research should explore hardware-guided NAS pipelines that

co-optimize model topology, precision, and hardware allocation. HW-NAS has the poten-

tial to generate FPGA-native OD architectures that maximize parallelism while minimizing

on-chip memory pressure and external bandwidth demands.

• Advanced Co-Design for MPSoCs

The profiling results from the MPSoC study indicate substantial opportunities for improv-

ing task orchestration between PS and PL. Future work should investigate:

– fine-grained CPU–DPU pipelining,

– task-level parallelism and asynchronous execution models,

– optimized DDR access scheduling, and

– hybrid control/dataflow strategies.

Such optimizations could significantly improve throughput, especially for multi-stage OD

pipelines and transformer-based models.

• Streaming and Multi-Engine Architectures for GNNs

The proposed GCN accelerator can be extended in several key directions:

– Support for broader GNN variants such as GraphSAGE, GAT, and message-passing

transformers

– Dynamic graph processing, enabling inference on evolving or batched graph work-

loads

– Multi-engine parallelism to increase throughput for large-scale inference or multi-

tenant applications

These extensions would transform the accelerator from a single-workload design into a

flexible GNN hardware substrate.
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• Efficient FPGA Implementations of Transformer-Based Models

Transformer architectures are rapidly becoming dominant in both vision and graph do-

mains. However, their high parameter count and non-local attention mechanism pose sig-

nificant challenges for FPGA deployment. Future work should explore:

– hardware-friendly transformer variants,

– low-cost attention approximations,

– hierarchical memory designs for attention maps,

– reconfigurable/folded datapaths for multi-head attention.

Achieving real-time transformer inference on mid-range FPGAs remains an open research

problem with high practical relevance.

• Unified Toolflows and Parametric Hardware Libraries

Developing robust, open-source toolflows capable of bridging AI model development, quant-

ization, and FPGA deployment will greatly reduce time-to-market and democratize FPGA-

based ML acceleration. Parameterizable hardware libraries—especially for OD layers, at-

tention blocks, and sparse operations—could standardize design reuse and simplify exper-

imentation across hardware families.

• Distributed FPGA Clusters for Hard Real-Time Systems

For demanding applications such as autonomous driving or industrial automation, future

research may explore distributed FPGA clusters connected through high-bandwidth, low-

latency links. Key topics include:

– load balancing and partitioning of CNN/GNN workloads,

– latency-aware scheduling,

– fault tolerance,

– multi-device synchronization.

This direction can unlock extreme scalability while preserving determinism.

Final Outlook
The convergence of machine learning and reconfigurable computing is accelerating rapidly. As

deep learning models become more sophisticated and pervasive, the need for efficient, scalable,

and application-specific hardware will only intensify. This dissertation contributes to this tra-

jectory by providing both theoretical insights and practical implementations that demonstrate the

capabilities of FPGAs in the era of modern AI. The future work directions outlined above serve

as a roadmap toward even more powerful, flexible, and energy-efficient hardware architectures

capable of enabling the next generation of intelligent systems.
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Appendix A

Some General Definitions in The Context of Object
Detection Metrics

Measuring the Intersection over Union (IoU) is a popular way to evaluate an object detector’s

localization accuracy. Given a ground truth Bounding box (Bbox), it calculates the ratio of the

common, or overlapped, area between the ground truth Bbox and the predicted Bbox to the area

of their union, as illustrated in Figure A.1. The greater the IoU ratio means the more detection

accuracy. By setting a threshold, e.g., IoU > 0.5, as done in [50], it can be determined how

precisely the object is localized.

Figure A.1: Definition of Intersection over Union (IoU), calculated by dividing the intersection

of the predicted bounding box (Bbox) and ground truth (GT) Bbox by the union of them.

Based on the calculated IoU and a pre-determined threshold, some other metrics, such as pre-

cision and recall, can be obtained. The IoU greater than or equal to the threshold value indicates

that the prediction is correct. It should be noted that IoU is basically related to the localization

aspect of object detection tasks and is not directly related to classification.

Given the real label and the predicted one for each object, the prediction result can be clas-

sified as shown in Table A.1. Accordingly, accuracy, precision, and recall values are defined as

follows:
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Table A.1: Prediction result category in object detection models based on the label provided by

the dataset (real label).

Real Label Predicted Label Prediction Category

Positive Positive True Positive (TP)

Positive Negative False Negative (FN)

Negative Positive False Positive (FP)

Negative Negative True Negative (TN)

Accuracy :=
(TP + TN)

(TP + FP + TN + FN)

Precision :=
TP

(TP + FP )

Recall :=
TP

(TP + FN)

Accuracy determines how accurately the model makes predictions, showing the overall per-

formance of the model. However, this metric has a significant drawback: it performs poorly with

imbalanced data, where one class significantly outnumbers the others [309].

Two alternatives for accuracy are “precision” and “recall,” which focus on “true positive” pre-

dictions. The former represents how precisely the model can predict the positive class, measuring

the quality of the detection task, while the latter, also known as “sensitivity”, refers to the pro-

portion of “true positive” predictions to all positive instances in the dataset. From another point

of view, if we need to minimize the false positive predictions, we should focus on improving

precision, while recall is more important when the ability to predict all positives outweighs the

detection accuracy.

The “F1 score”, also known as the “balanced F-score” or “F-measure”, provides a means to

evaluate the trade-off between recall and precision. Representing the harmonic mean of precision

and recall, it ranges from 0 (indicating the worst value) to 1 (indicating the best value). The F1-

score disregards variations in confidence values, limiting its utility to comparing object detectors

solely at a predetermined confidence threshold level [310].

F1 :=
2

1
Precision

+ 1
Recall

=

(2 ∗ Precision ∗Recall)

(Precision+Recall)

(A.1)

Average precision (AP) has recently emerged as the most commonly utilized evaluation metric

for detection tasks [40]. AP can be derived by calculating the area under the precision and recall

curve (PR Curve). In other words, it indicates the average precision values across all recall values

ranging from 0 to 1.
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Widely utilized in computer vision, AP serves as a popular evaluation measure for assessing

the prediction accuracy of object detection models [55]. AP can be assessed across various IoU

threshold ranges. For instance, it can be computed for 10 IoU values ranging from 50% to 95%,

with increments of 5%, typically denoted as “AP@50:5:95”. Additionally, it can be evaluated at

specific IoU thresholds, commonly 50% and 75% denoted as “AP50” and “AP75” respectively

[44].
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Appendix B

Overview of FPGA Architecture and Design
Approaches

B.0.1 FPGA Architecture

An FPGA consists of a set of programmable logic blocks, memory blocks, and specialized arith-

metic units such as Digital Signal Processing (DSP) blocks. These components are interconnected

by programmable interconnects, allowing for the development of highly flexible digital circuits.

In addition, programmable input/output (I/O) blocks facilitate external connectivity [158]. Fig-

ure B.1 shows the basic architecture of an FPGA.

Some key factors in selecting an FPGA device as a target device for a specific application

typically include the number of available I/O blocks and programmable logic blocks, the number

and capabilities of fixed-function logic blocks (such as multipliers), and the total size of on-chip

memory resources. Programmable logic blocks, which form the fundamental building blocks

of FPGAs, directly impact the design’s flexibility. Although there is no rigid standard for the

architecture of these blocks, they typically include Flip-Flops (FFs), Look-Up Tables (LUTs),

arithmetic carry logic, and multiplexers. LUTs are small, programmable memory blocks that can

store truth tables of logic functions.

Another key factor in choosing FPGAs for a specific application is the available memory

resources. There are two main types of on-chip memory within an FPGA device:

• Distributed RAM: In addition to forming various logic functions, LUTs can store data sets

and act as “distributed” memory cells throughout the FPGA, as their name suggests. A

k-input LUT can store 2k bits.

• Block RAM (BRAM): BRAMs are built by dedicated SRAM memory blocks. They are

typically used to store large amounts of data inside an FPGA. Additionally, supplement-

ary peripheral circuitry enhances BRAM’s reconfigurability for diverse applications and

facilitates its connection to the programmable routing within the FPGA.

B.0.2 FPGA Design Approaches

The operation of all FPGA blocks and the configuration of the programmable interconnects are

typically managed by a so-called “bitstream”, which is provided to internal dedicated (SRAM)

cells [311]. This operation is done either once at boot time or even during the run time (partial

reconfiguration).

The following outlines three primary FPGA design approaches, allowing developers to select

one or a combination of them to realize their designs:
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Figure B.1: An overview of basic FPGA architecture, including programmable logic blocks,

Block RAMs (BRAMs), DSP blocks, input/output blocks (I/O), and programmable interconnects

(shown by black lines). (Figure adapted from [12]).

1. Hardware Description Language (HDL) design: In this approach, designers describe the

intended functionality using an HDL, such as Verilog or VHDL. Then, the HDL design

is compiled through an intricate Computer-Aided Design (CAD) flow, generating a “bit-

stream” file [311]. This bitstream file, also referred to as the configuration file, is used to

program the FPGA.

2. High-level design: High-level languages like C/C++, OpenCL, and SyCL can also be em-

ployed for FPGA design. In this approach, the high-level design can be translated into its

corresponding HDL using available tools such as Vivado HLS [312], HLS compiler [313],

and HDL Coder [314].

3. Model-based design (MBD): This approach can be considered a form of high-level design.

Instead of using programming languages, high-level models or blocks are employed to
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design and simulate the systems to be implemented. In this approach, once the system’s

behavior is verified, the design is translated into HDL code. Some of the most commonly

used tools in MBD include Simulink [314], LabVIEW [315], and Model Composer [316].

Adopting each of these approaches can depend on various factors, including the designer’s

preference and the target application. For example, software engineers who are more accustomed

to high-level languages might prefer the second approach. Additionally, for some applications,

such as aerospace and automotive, due to the availability of ready-made models and the ease of

behavioral simulation of developing systems, adopting MBD is very popular [317].

Each of these approaches has its own advantages and disadvantages, which are beyond the

scope of this study. However, it is noteworthy that in all cases, having in-depth knowledge of

hardware implementation is essential for designing an optimal system.

Additionally, helpful tools, frameworks, hardware libraries, and reusable reconfigurable com-

ponents (“IP Cores”) are continuously being introduced to facilitate the design of FPGA-based

systems in various fields. One example of a very commonly used IP core for developing FPGA-

based object detection systems is the Deep Learning Processor Unit (DPU) [195]. This program-

mable engine enables designers to implement many object detection models on FPGAs without

requiring low-level design. In this regard, designers can use tools, such as the Vitis AI tool to

select, prepare, optimize, and evaluate a detection model and compile the instructions used in the

deployed DPU.

Further information about FPGA architecture and design could be found, e.g., in [318, 319].
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Appendix C

Roofline Model

In this visual model, the peak computational performance provided by the hardware platform and

the maximum off-chip memory bandwidth are the two critical factors for estimating the attainable

performance [267].

The equation C.1, represents a “roofline”-type curve on the Cartesian plane where the X-axis

is the Operational Intensity (OI) or Compute-To-Communication (CTC) measured in Floating

Point Operations per Byte or just Operations per Byte [201] and the Y-axis represents the com-

putational performance measured in Floating Point Operations per second or just Operations per

second (Figure C.1).

AchievablePerformance =

min

{

PeakComputationalPerformance

PeakMemoryBandwidth× CTC

(C.1)

Figure C.1: The Roofline model.

In the Roofline model, an application’s performance can be represented as a point on a
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Cartesian plane, which visualizes the distance between the actual performance and the obtain-

able one.

In an application, the CTC ratio, also known as operational intensity, represents the ratio of

the total number of executed operations to the amount of data transferred to and from external

memory and can be measured as operation per byte (op/Byte) or floating point operation per Byte

(Flops/Byte). The performance of the application is calculated at run time while executing it.

The roofline constrains the achievable performance, delineating the figure into two distinct

regions: memory-bound and compute-bound areas. The ridge point, also known as the machine

balance point, highlighted in Figure C.1, is at the intersection between the diagonal and horizontal

lines. Applications with CTC ratios on the left side of the ridge point are considered “memory-

bound”, indicating that the system cannot efficiently utilize all computational resources due to

limited off-chip communication. On the other hand, applications with a CTC ratio on the right

side of the ridge point are referred to as “compute-bound”.

If the application is memory-bound, optimizing memory inefficiencies is often a fruitful

strategy, focusing on factors such as memory access pattern, data locality, and cache reuse [267,

269, 320]. If the application is compute-bound, the bottleneck lies in the computational power

or efficiency of the accelerator. In this case, applying some optimization techniques such as loop

unrolling and loop reordering may help [267].
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List of Acronyms

AXI Advanced eXtensible Interface

BRAM Block Random Access Memory

CNN Convolutional Neural Network

COO Coordinate List Format

CPU Central Processing Unit

CSR Compressed Sparse Row

DDR Double Data Rate (External Memory)

DL Deep Learning

DPU Deep Processing Unit

DSP Digital Signal Processing Block

FPS Frames Per Second

FPGA Field-Programmable Gate Array

GCN Graph Convolutional Network

GNN Graph Neural Network

GPU Graphics Processing Unit

HLS High-Level Synthesis

IP Intellectual Property (Hardware Core)

ML Machine Learning

MPSoC Multiprocessor System-on-Chip

OD Object Detection
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OPS Operations Per Second

PL Programmable Logic

PS Processing System

PT Pixel Throughput

ReLU Rectified Linear Unit

SA Systolic Array

SDK Software Development Kit

SoC System-on-Chip

SpMM Sparse–Dense Matrix Multiplication

SRAM Static Random Access Memory
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