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 A B S T R A C T

The growing demand for real-time processing in artificial intelligence applications, particularly those involving 
Convolutional Neural Networks (CNNs), has highlighted the need for efficient computational solutions. 
Conventional processors and graphical processing units (GPUs), very often, fall short in balancing performance, 
power consumption, and latency, especially in embedded systems and edge computing platforms. Field-
Programmable Gate Arrays (FPGAs) offer a promising alternative, combining high performance with energy 
efficiency and reconfigurability. This paper presents a design and implementation framework for implementing 
CNNs seamlessly on FPGAs that maintains full precision in all neural network parameters thus addressing a 
niche, that of non-quantized NNs. The presented framework extends Darknet, which is very widely used for 
the design of CNNs, and allows the designer, by effectively using a Darknet NN description, to efficiently 
implement CNNs in a heterogeneous system comprising of CPUs and FPGAs. Our framework is evaluated on 
the implementation of a number of different CNNs and as part of a real world application utilizing UAVs; 
in all cases it outperforms the CPU and GPU systems in terms of performance and/or power consumption. 
When compared with the FPGA frameworks that support quantization, our solution offers similar performance 
and/or energy efficiency without any degradation on the NN accuracy.
1. Introduction

In recent years, Convolutional neural networks (CNNs) have been 
key components for many significant advancements in the field of arti-
ficial intelligence. They have proven to be highly effective in numerous 
fields like image, video, and natural language processing. In addition, 
they are effective in various tasks including image classification, object 
detection, and semantic segmentation.

The implementation of CNNs in real-world scenarios often encoun-
ters difficulties such as high processing power and high power con-
sumption. The complicated structures of CNNs, which consist of several 
convolutional layers, fully connected layers, and a large number of 
parameters, require significant computational resources, which can be a 
substantial barrier, particularly for applications that demand real-time 
processing and need to be deployed on devices with limited resources, 
such as embedded systems and edge computing platforms.

On real-time and embedded AI applications, traditional processors 
(including CPUs and GPUs) are often insufficient in balancing the trade-
offs between performance, power consumption, and latency. As a result, 
there has been growing interest in leveraging specialized hardware 
accelerators that can provide the necessary computational power while 
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maintaining energy efficiency. In that respect, FPGAs have emerged as 
a viable solution to address these challenges. FPGAs offer a unique com-
bination of high performance and reconfigurability which enables the 
implementation of custom arithmetic units, data paths and memory hi-
erarchies that can optimize data flow and reduce bottlenecks. They also 
allow for the simultaneous execution of multiple operations, thus signif-
icantly speeding up the inference process. The ability to reconfigure the 
hardware logic allows for the implementation of highly optimized and 
parallelized versions of neural network algorithms, tailored specifically 
to the requirements of the application. Lastly, FPGAs can be configured 
to operate at lower power levels compared to traditional processors, 
making them ideal for power-constrained environments.

In recent years, various approaches have been proposed to im-
plement CNNs focusing mainly in heavily quantized models. Non-
quantized models maintain the full precision of the network parame-
ters, ensuring high accuracy at the cost of higher resource utilization 
and power consumption. Quantized models, on the other hand, reduce 
the precision of the parameters, thereby lowering resource usage and 
power consumption but very often at the cost of reduced accuracy.
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Full precision in CNNs is a requirement for applications where even 
minimal accuracy loss can have significant consequences. Domains such 
as medical diagnostics [1] and optical computing [2] require highly 
reliable predictions to ensure safety, efficacy, and validity. Although 
quantization is beneficial for reducing computational complexity and 
resource requirements, it often introduces approximation errors that 
can compromise the integrity of results and as also demonstrated 
in [3], there are several cases that full arithmetic precision is required 
so as to ensure that critical tasks are performed with the highest 
possible accuracy. In addition, as highlighted in recent comprehen-
sive surveys on CNNs for medical imaging and edge deep learning 
systems [4,5], achieving near-perfect arithmetic precision alongside 
optimized power consumption is essential for maintaining robust di-
agnostic performance, patient safety, and regulatory compliance. Such 
medical devices can be seamlessly implemented using our innovative 
flow, demonstrating the wide applicability of our approach.

Recent studies demonstrate that post-training quantization can sig-
nificantly compromise inference accuracy. Specifically, authors in [6] 
show that reducing three ‘‘tiny’’ CNNs from FP32 to 8-bit preci-
sion decreases CIFAR-10 accuracy by roughly 19%, while an addi-
tional downgrade to 4-bit yields a drastic 67% loss and comparable 
double-digit deficits on other benchmarks. Similarly, authors in [7] 
report that integer quantization diminishes MNIST performance from 
96.79% to 94.43% and JAFFE emotion-recognition accuracy from 
94.44% to 83.33% in otherwise identical network topologies. Although 
quantization offers model-size and resource savings, it often incurs 
a non-negligible accuracy penalty. Consequently, our work retains 
full-precision parameters and attains efficiency through FPGA-centric 
architectural optimization.

Moreover, larger and/or more complex convolutional architectures 
also experience substantial accuracy drops, when quantization is ap-
plied. For instance, in [8], SA-BNN attains only 68.7% when quanti-
zation is utilized, compared with 74.7% for the full-precision version. 
Similarly, in the domain of fast convolution algorithms, [9] demon-
strates that applying quantization in large-tile Winograd convolution 
introduces pronounced accuracy degradation relative to standard con-
volutional schemes; the quantized model reaches up to 69.7% accuracy 
while the full precision configurations achieve 73.3%.

Even advanced quantization-aware and mixed-precision methods 
still introduce measurable accuracy losses: for instance, Mishchenko 
et al. [10] report 40% AUC degradation for a 4-bit QAT keyword-
spotting model, Xu et al. [11] show 4-bit Q-DETR suffers a 4.5 point 
Average Precision (AP) drop (with mixed-precision variants still 3 AP 
below full precision), and Cai et al. [12] demonstrate that state-of-the-
art mixed-precision quantization yields 1–3.7% top-1 loss on ResNet-50 
and MobileNetV2 and up to 5%–7% on ShuffleNet.

Beyond accuracy considerations, several recent works show that 
full-precision CNNs are frequently deployed in energy-constrained em-
bedded systems where power consumption is the primary limiting 
factor. For example, Xu et al. [3] report that the FPGA achieves approx-
imately 3×  higher power efficiency compared to the NVIDIA GTX 1080 
Ti under the same full-precision workload, while Qi et al. [13] demon-
strate that FPGA accelerators achieve a significantly better performance–
power ratio than GPUs (e.g., 3.27GOPS/W on FPGA vs. 0.978GOPS/W 
on GPU), highlighting that FPGAs become preferable to GPUs when 
total energy budget is the dominant constraint.

In this paper we present a novel design and implementation frame-
work that allows for the seamless FPGA implementations of non-
quantized CNNs with high performance, energy efficiency and accu-
racy. By maintaining full precision in the neural network parameters, 
the proposed framework retains the accuracy of the original CNN 
models while leveraging the parallel processing capabilities of FPGAs.

The main benefits of our approach are:
2 
• An open-source library1 designed to accelerate CNN algorithms. 
This library provides very high configurability and flexibility in 
order to take full advantage of the resources of modern AMD 
FPGAs.

• High Design Productivity, Flexibility and Adaptability: The 
presented efficient design flow is based on the widely used Dark-
Net NN design framework, it uses purely C/C++ and targets the 
whole range of FPGAs from the smallest to the largest ones. Since 
it allows for seamless implementation of virtually any CNN archi-
tecture, the proposed framework is fully versatile and adaptable 
to different application requirements.

• High Performance: Real-time applications require rapid process-
ing of data to meet stringent latency requirements. The proposed 
framework can fully exploit the full parallelism of any FPGA to 
accelerate the inference process of CNNs, ensuring timely and 
efficient processing.

• Energy Efficiency: In many deployment scenarios, particularly 
in embedded systems and edge devices, power consumption is a 
critical constraint. The proposed framework optimizes the power 
efficiency of ML inference on FPGAs, making it suitable for power-
sensitive applications, while retaining full precision, which is 
crucial for applications where precision is paramount.

The development of a power-efficient, non-quantized FPGA-enabled 
CNN framework represents a significant advancement in the field of 
deep learning acceleration. Our comprehensive design and implemen-
tation flow which is built upon the DarkNet framework allows rapid in-
tegration and deployment, offering a user-friendly environment where 
researchers and engineers, with very limited HW Design experience, 
can effortlessly design and implement CNNs tailored to their specific 
needs with 0% accuracy loss. In other words our design ensures a 
high level of abstraction and flexibility, enabling users to efficiently 
prototype their CNN architectures, optimize and exploit FPGA boards 
without specific HW knowledge. By addressing the challenges of per-
formance, power efficiency, and accuracy, the proposed framework has 
the potential to enhance the deployment of CNNs in real-time and 
embedded applications, paving the way for more efficient and effective 
AI solutions.

The rest of this paper is structured as follows: Section 2 presents 
a summary of related research in the field of FPGA-based and GPU-
based CNN design frameworks as well as in dense matrix multiplication 
systems. Section 3 covers the background needed for CNNs. Section 4 
outlines the design flow and the implemented architecture of our 
framework, emphasizing on the design optimizations of the convolu-
tional layer of the CNNs and on the matrix multiplication algorithm 
involved in CNNs. Section 5 offers comprehensive performance evalua-
tion that demonstrates the advantages of our solution. Lastly, Section 6 
concludes our work and suggests potential areas for future research.

2. Literature review

2.1. Convolutional Neural Networks

2.1.1. Quantized and mixed-precision accelerators
In [14] a uniform architecture that accelerates both 2D and 3D 

CNNs by mapping convolutions to matrix multiplications, is presented. 
It addresses the high computational demands of 3D CNNs and proposes 
strategies to optimize on-chip memory usage and computational effi-
ciency. The architecture demonstrates high throughput and energy effi-
ciency on FPGA platforms, emphasizing the potential of non-quantized 
CNN acceleration.

Authors in [15] focus on mixed-precision FPGA-based CNN acceler-
ators providing valuable insights into the design space of the required 

1 https://github.com/angelosathanasiadis/Open-source-non-quantized-
CNNs-framework-on-FPGAs
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processing elements (PEs) and dataflow optimizations. They highlight 
the complexity of balancing precision and energy efficiency without 
compromising performance, which is relevant for non-quantized CNN 
implementations aiming for high accuracy and throughput.

Authors in [16] delve into various optimization strategies for im-
plementing CNNs on FPGAs, focusing on balancing computational 
efficiency and memory usage. They discuss the challenges of non-
quantized CNNs, such as the high demand for computational resources 
and the need for efficient data reuse and memory access patterns. The 
paper provides a comprehensive overview of techniques to enhance the 
performance of FPGA-based CNN accelerators.

Another significant contribution to this domain is the study in [17] 
which delves into various optimization techniques that circumvent 
the need for quantization while preserving the precision of the CNN 
models. The research highlights the challenges of balancing computa-
tional efficiency with accuracy, emphasizing the importance of main-
taining high precision in scenarios where model accuracy cannot be 
compromised.

Recent advancements in quantized CNNs on FPGAs have focused 
on optimizing both power consumption and computational efficiency 
while maintaining model accuracy. Authors in [18] introduce FPQNet, 
a fully pipelined and quantized CNN implementation optimized for 
ultra-low latency and high throughput on FPGAs. Their approach lever-
ages channel parallelization and layer pipelining, achieving significant 
performance improvements for video processing applications. Simi-
larly, [19] proposes a logarithmic quantization method for CNNs, which 
reduces hardware complexity and power consumption, demonstrating 
the effectiveness of their approach on FPGA-based accelerators. In 
addition, [20] further advanced the field with MBFQuant, a mixed-
precision quantization technique tailored for mobile CNN applications, 
optimizing hardware utilization without compromising accuracy. Fi-
nally, [21] presents an FPGA implementation based on fixed-point 
quantization approaches, including SqueezeJet-3, which utilizes 8-bit 
dynamic fixed-point arithmetic for CNN acceleration on edge devices.

2.1.2. Full-precision (non-quantized) accelerators
Recent advancements in implementing CNNs on FPGAs have high-

lighted the critical balance between model precision on one hand and 
performance and power optimizations on the other. One notable study 
is [3] which underscores the trade-offs associated with maintaining 
full precision in CNNs as opposed to adopting quantization techniques. 
The authors demonstrate that while quantized models can significantly 
reduce power consumption and enhance processing speed, they of-
ten suffer from a noticeable loss in accuracy. Full precision models, 
although more resource-intensive, retain the original accuracy of the 
network, which is paramount in precision-sensitive applications.

[22] offers a comprehensive exploration of strategies for implement-
ing CNNs on FPGAs. The paper provides a comparative analysis of 
full-precision networks against their quantized counterparts, revealing 
that although quantization offers substantial improvements in resource 
efficiency and processing speed, it typically results in a significant drop 
in model accuracy. This study advocates for a meticulous evaluation of 
the precision requirements in applications, stressing that the accuracy 
of full-precision networks makes them indispensable in contexts where 
precision is crucial.

Finally, these studies collectively illuminate the importance of preci-
sion in FPGA-based CNN implementations and the potential drawbacks 
of quantization. They highlight the necessity of optimizing FPGA re-
sources while ensuring that the inherent accuracy of the CNN models 
is preserved, thereby offering valuable insights for the development of 
high-performance, precision-critical FPGA-based neural network accel-
erators. In summary, to the best of the authors’ knowledge, no design 
framework for FPGA accelerators exists that can efficiently implement 
non-quantized CNNs on virtually any FPGA (of one of the two major 
vendors) while also emphasizing on power efficiency.
3 
2.1.3. High-level-to-RTL translation tools
High-level CNN-to-FPGA compilers have emerged to streamline ac-

celerator development. IBM’s AccDNN [23] (DNNBuilder) is a seminal 
example, converting Caffe CNN models directly into optimized RTL 
with no manual coding. It instantiates pre-optimized layer IPs and 
pipelines them for maximum throughput, even performing design-
space exploration to tune parallelism under resource constraints. This 
yields very high performance and strong energy efficiency in published 
designs. However, AccDNN’s flexibility is limited by supporting only 
standard layer types and Caffe-trained networks (up to  15 layers), often 
requiring model quantization for feasible FPGA deployment. In con-
trast, Rivera et al. [24] developed an automatic CNN-to-RTL framework 
with a push-button workflow. Their CINVESTAV platform provides a 
GUI for model configuration and handles everything from training to 
bitstream generation using hand-written Verilog templates for each 
layer. This greatly reduces the effort to integrate new CNN models – the 
user simply defines the architecture and lets the tool produce a custom 
accelerator ‘‘quickly and easily’’. The generated designs leverage pa-
rameterized parallelism but are restricted to the supported layer set and 
primarily fixed-point precision, thus the designed hardware modules 
does not support full floating point precision. A more recent tool is 
AutoVCoder [25], which explores large-language-models to generate 
HDL code automatically. AutoVCoder is an open-source framework that 
uses domain-specific training and retrieval-augmented generation to 
improve Verilog code correctness from LLMs. In principle, it can reduce 
development time – the tool itself writes the CNN accelerator RTL given 
a high-level description – and offers unprecedented flexibility to target 
novel architectures. However, this approach remains nascent, as it lacks 
built-in power or resource optimizations and the quality of results 
depends on AI training, often requiring verification and potentially 
manual tuning.

Our Darknet-based framework focuses mainly on developer produc-
tivity and architectural flexibility. Specifically, it supports full-precision 
CNN models and open-source deployment on diverse Xilinx devices 
(from the edge-class Kria KR260 to the large Alveo U55C), enabling 
low-effort mapping of new networks without quantization. Unlike prior 
tools, which often trade off between precision and performance, our 
approach prioritizes ease of use and model fidelity – new CNNs can be 
integrated by simply using their Darknet definitions, while adjustable 
design parameters allow scaling to available FPGA resources. This flex-
ibility comes at a cost in resource usage compared to heavily quantized 
or manually optimized solutions, but as proved, it delivers practical 
throughput with minimal hand engineering.

2.2. Matrix multiplication algorithm

Since the most processing demanding tasks in CNNs are the required 
Matrix multiplications, several researchers have focused on proposing 
optimization methods and approaches that take full advantage of the 
underlying characteristics of modern FPGAs. Since we have also tackled 
this task in order to implement our efficient design framework in this 
subsection we list the most relevant papers in this field.

Ahmad and Pasha [26] investigated several optimization techniques 
for hardware-accelerated general matrix multiplication on FPGAs, with 
a specific focus on Convolutional Neural Networks (CNNs). In contrast 
to [26], our approach provides a comprehensive library that empowers 
users to customize FPGA-based matrix multiplication to their unique 
computational requirements, irrelevant of the application domain. Al-
though Haghi et al. [27] present a reconfigurable FPGA assistant for 
in-network computations, with an accompanying case study on dis-
tributed matrix multiplication, their study focuses on reconfigurable 
compute-in-the-network FPGA assistance for collective support. Our 
work is orthogonal to this since it mainly aims at taking full advantage 
of the hardware resources of a single FPGA while providing adapt-
ability for (i) implementation in different FPGA devices and (ii) easy 
integration with design flows which focus on distributed FPGAs.
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The study presented in [28] focuses on high-level synthesis (HLS) 
techniques to optimize blocked floating-point matrix multiplication, a 
fundamental operation in many scientific computing applications. It 
explores strategies for improving the efficiency of matrix multiplication 
through HLS, specifically targeting architectures where floating-point 
operations are crucial. The work demonstrates how optimized syn-
thesis can lead to significant performance improvements in hardware 
implementations, highlighting the benefits of HLS for computationally 
intensive tasks.

De Fine Licht et al. [29,30] presented their research results on 
transformations of HLS code for HPC and flexible communication re-
spectively. However, their approach has certain limitations: (i) they 
are dependent on the HW implementation tool (e.g. they can be used 
only up to AMD Vitis 2021.12), thus limiting their use and (ii) they 
rely on a hardware library developed by the authors, tailored to the 
FPGA implementation tool, which introduces a degree of tool depen-
dency and thus undermining the adaptability and scalability of their 
approach, and they do not exploit state-of-the-art HBM2 memories. In 
summary, unlike gemm_hls – which streams matrix B from external 
memory and depends on a specialized vendor-specific library – our 
matrix multiplication module is an HLS design which does not use 
any existing libraries or vendor specific tools/mechanisms that buffers 
entire matrix B in segments into on-chip BRAM (streaming only A and 
C) and avoids any vendor-specific IP, thus achieving greater data reuse 
and portability.

In comparison to those studies, we present in [31] and [32] a 
methodology which is implemented purely in C with HW-oriented prag-
mas and it is independent of specific versions of tools and libraries. We, 
thus, establish a more robust and sustainable solution for enhancing 
computational performance in HLS designed FPGA systems. Further-
more, our methodology can even outperform the systems presented 
above since it can be implemented on newer FPGAs, while it is more 
developer-friendly and it can be seamlessly instantiated in any AMD 
FPGA (from relatively small to high-end ones).

Moving to the Graphical Processing Units (GPUs) area, several 
studies have explored the use of cuBLAS for efficient matrix multipli-
cation on GPUs, as well as optimizations for power efficiency and fault 
tolerance. Authors in [33] provided insights into the anatomy of high-
performance General Matrix Multiply (GEMM) operations on GPUs, 
emphasizing also on fault tolerance mechanisms to ensure reliable 
computation in the presence of hardware faults. In a similar vein,  [34] 
delves into optimization strategies that enhance the performance of 
dense matrix multiplication across different GPU architectures, high-
lighting cuBLAS’s adaptability and efficiency. Furthermore, [35] under-
scores cuBLAS’s utility in various linear algebra computations beyond 
GEMM, demonstrating its comprehensive optimization for diverse ma-
trix operations. These works collectively illustrate cuBLAS’s capabilities 
in maximizing performance and reliability on NVIDIA GPUs.

For AMD GPUs, rocBLAS high-performance library has been devel-
oped for matrix operations exploiting the specific architectural features 
of AMD hardware. Authors in [36] present a robust framework built 
on rocBLAS that efficiently handles batched matrix multiplications, 
even with unbalanced input sizes, showcasing rocBLAS’s flexibility and 
efficiency. Additionally, [37] provides a comprehensive evaluation of 
rocBLAS, emphasizing its strengths in terms of performance, power 
efficiency, and programmability, particularly when executed on AMD’s 
advanced matrix cores. These studies highlight rocBLAS’s effective 
use of AMD hardware to deliver high performance while maintaining 
energy efficiency.

While our performance metrics indicate slower computation times 
compared to GPU-based solutions such as cuBLAS and rocBLAS in state-
of-the-art NVIDIA and AMD GPUs accordingly, our approach demon-
strates significantly better power efficiency. This makes our approach 

2 https://github.com/spcl/gemm_hls/issues/25
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particularly advantageous in power-constrained environments, where 
energy consumption is critical.

Moreover, the FPGA systems that are implemented by our design 
framework can seamlessly utilize several techniques for power/energy 
reduction. So, dynamic power gating methods such as the ones in [38] 
are orthogonal to our design approach and can be integrated into the 
final modules. The same applies for clock gating methods proposed by 
either other researchers as in [39] or by the FPGA vendors themselves 
(e.g. [40]) as well as DVFS approaches [41].

3. Background

CNNs have revolutionized the field of computer vision and are 
now a cornerstone in numerous application domains. The primary 
building block of a CNN is the convolutional layer, which performs a 
mathematical operation called convolution.

3.1. Convolutional layer

In a convolutional layer, an input image (or feature map) is con-
voluted with a set of learnable filters (or kernels) to produce a new 
feature map. Mathematically, the convolution operation for a single 
output feature map can be expressed as: 

𝐶𝑘
𝑖,𝑗 =

𝑀−1
∑

𝑚=0

𝑁−1
∑

𝑛=0
𝐴𝑖+𝑚,𝑗+𝑛 ⋅ 𝐵

𝑘
𝑚,𝑛 + 𝑏𝑘 (1)

where:

• 𝐶𝑘
𝑖,𝑗 is the output feature map at position (𝑖, 𝑗) for the 𝑘th filter.

• 𝐴𝑖+𝑚,𝑗+𝑛 is the input feature map at position (𝑖 + 𝑚, 𝑗 + 𝑛).
• 𝐵𝑘

𝑚,𝑛 is the weight of the 𝑘th filter at position (𝑚, 𝑛).
• 𝑏𝑘 is the bias term for the 𝑘th filter.
• 𝑀 and 𝑁 are the dimensions of the filter.

This operation is repeated for each filter, producing multiple output 
feature maps that capture different aspects of the input. The power 
consumption in CNNs is heavily influenced by the number of opera-
tions performed, particularly the multiplications and additions in the 
convolutional layers. Reducing power consumption while maintain-
ing computational efficiency is a significant challenge, especially for 
real-time applications.

3.2. Matrix multiplication for accelerating convolutional layers

To accelerate the convolutional layer, one effective approach is 
to transform the convolution operation into a matrix multiplication 
problem. This transformation leverages the highly optimized algo-
rithms and hardware accelerators available for matrix multiplication, 
thereby improving computational efficiency. The im2col (image-to-
column) transformation is commonly used to achieve this. The im2col 
process involves unfolding the input feature map into a matrix where 
each column represents a local region of the input that will be con-
volved with the filter. This transformation allows the convolution 
operation to be expressed as a single matrix multiplication: 
𝐶 = 𝐵 ⋅ 𝐴𝑐𝑜𝑙 + 𝑏 (2)

where:

• 𝐶 is the matrix of output feature maps.
• 𝐵 is the matrix of unfolded filters.
• 𝐶𝑐𝑜𝑙 is the matrix of unfolded input feature maps.
• 𝑏 is the bias matrix.

The transformation of the convolution operations to matrix multiplica-
tions offer several advantages:

https://github.com/spcl/gemm_hls/issues/25
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Fig. 1. Architecture of the framework.

• Parallelism: Matrix multiplication can be easily parallelized, 
making it well-suited for hardware acceleration on platforms like 
FPGAs.

• Optimization: There are numerous optimized libraries and tech-
niques for matrix multiplication, which can be leveraged to speed 
up the convolution operation.

• Efficiency: By transforming convolution into a matrix multipli-
cation problem, the number of redundant calculations is reduced, 
thereby improving computational efficiency.

These advantages make the matrix multiplication approach a powerful 
technique for accelerating convolutional layers, particularly in parallel 
hardware implementations such as those in FPGAs.

3.3. Non-quantized CNNs on FPGAs

While quantization techniques, which reduce the precision of the 
weights and activations, are commonly used to improve the power 
efficiency of CNNs, they can lead to a loss in accuracy. Non-quantized 
CNNs, which use full-precision floating-point or fixed-point representa-
tions, maintain the original accuracy of the model but pose challenges 
in terms of power consumption and performance.

Implementing non-quantized CNNs on FPGAs requires careful con-
sideration of the trade-offs between resource allocation and power 
efficiency. The focus of this work is to develop a framework that 
leverages the parallelism and reconfigurability of FPGAs to achieve 
power-efficient execution of non-quantized CNNs without compromis-
ing accuracy.

4. Proposed design framework

In this section, we present the architecture of the proposed frame-
work emphasizing on the convolutional kernel and the Software code 
which is running in the CPU handling the different convolutional layers 
efficiently.

4.1. Framework architecture

Fig.  1 presents the framework architecture of our tool which handles 
convolutional and deconvolutional layers within neural networks in an 
automated manner.

This architecture is represented as a flowchart, emphasizing the 
sequential and parallel processes involved in the tool’s operation. The 
5 
tool is based on the Darknet framework [42] and is designed to acceler-
ate the processing of convolutional layers while reducing their energy 
consumption when implemented on heterogeneous systems containing 
reconfigurable resources.

1. Import new cfg file to the tool: In the initial step the user 
imports a configuration (cfg) file into the tool. This file likely 
contains specifications and parameters necessary for setting up 
the neural network layers.

2. Preprocessing (OpenMP): Following the import, the tool per-
forms preprocessing; this stage leverages OpenMP, a parallel 
programming model, to enhance the efficiency of preprocessing 
tasks, which could involve data normalization, augmentation, or 
other preparatory operations.

3. Parsers: The parsed data from the preprocessing stage are han-
dled by parsers, which likely convert the preprocessed data into 
a format suitable for further processing and analysis.

4. Network Structure: The parsed data feed into the network 
structure component; this component organizes the neural net-
work’s architecture, defining the layers and their connections 
based on the cfg file’s specifications.

5. Layer Segmentation: The neural network structure is then seg-
mented into three distinct pathways:

• Convolutional Layer: This pathway handles convolutional 
layers specifically designed for feature extraction. The pro-
cessed data from these layers are forwarded to the Com-
pute Engine (i.e. FPGA Kernel) for accelerated processing.

• Deconvolutional Layer: This pathway deals with decon-
volutional layers, often used in tasks such as image recon-
struction. Similar to the convolutional layer, it utilizes the 
Compute Engine (FPGA Kernel) for efficient computation.

• Rest of the Layers: This pathway encompasses the re-
maining layers that do not fall under convolutional or de-
convolutional categories. These layers are processed using 
parallel processing in the CPU facilitated by OpenMP.

By using the Darknet framework [42] as basis for our work, we 
take advantage of its flexibility and very wide user base. Moreover, by 
utilizing the configuration file, the framework allows us to seamlessly 
integrate and experiment with various CNN architectures without the 
need for extensive reprogramming.

As mentioned above, all SW processes are parallelized with the use 
of OpenMP in order to take advantage of all the cores in any multi-core 
CPU and get the best possible performance.

4.2. Host-kernel interaction

Fig.  2 provides a detailed flowchart illustrating the interaction be-
tween the host and the tasks executed on the FPGA (i.e. FPGA kernels) 
during the processing of convolutional and deconvolutional layers. 
This dual functionality necessitates a more complex control structure 
within the kernel to differentiate between the two types of operations. 
Unlike the straightforward matrix multiplication kernel, presented in 
Section 4.3, which focuses solely on dense matrix operations, this 
implementation includes conditional logic to switch between convo-
lutional and deconvolutional computations. This is achieved through 
additional parameters and control flags that guide the kernel’s behavior 
based on the specific layer being processed.

In terms of computational flow, the convolutional operation in-
volves sliding a set of filters over the input feature map to produce 
output feature maps. This sliding window mechanism requires efficient 
handling of overlapping regions of the input data, which is signifi-
cantly different from the row-wise and column-wise multiplications 
characteristic of traditional matrix multiplication.
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Fig. 2. Architecture of the convolution layer computation.
Moreover, the deconvolutional operation, which essentially per-
forms a reverse convolution, introduces additional complexity in terms 
of data distribution and accumulation. We manage to addresses these 
challenges by implementing specialized data handling routines that 
ensure correct alignment and summation of overlapping regions in the 
output feature maps. This is very different from the straightforward ac-
cumulation of products in matrix multiplication thus requiring a more 
sophisticated approach to manage the expanded spatial dimensions of 
the deconvolutional output.

A more detailed analysis of Fig.  2 is presented below:

1. Host to Kernel Operations:

• The host process begins and determines whether the cur-
rent layer is deconvolutional; if it is, matrix A is trans-
posed to facilitate efficient computation. If the layer is 
convolutional no intervention on matrix A is needed.

• An identical matrix D of C is created, and the input is 
passed to the FPGA kernel. In our implementation, matrix 
D serves as an internal buffer corresponding to the output 
matrix C, handling the intermediate read-write operations 
during the pipelined dataflow execution; so one buffer is 
used for reading partial sums while the other is updated, 
allowing continuous streaming of data without stalling the 
computational pipeline.

2. FPGA Kernel Operations:

• Data flows from the host to the kernel, where it undergoes 
processing by the Compute Engine.

• The kernel starts by reading the input data from matrices C 
and D. In order to exploit the FPGA parallel resources and 
maximize the pipeline efficiency we use 2 matrices; in each 
iteration we read from one matrix and write the results to 
the other matrix.
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• The Compute Engine processes the input data; for convo-
lutional and deconvolutional layers, this typically involves 
performing mathematical operations such as filtering and 
feature mapping.

• Then it reads Data from array C and writes the results to 
array D.

• The kernel continuously checks if the array B is completely 
processed. If not it continues by reading input from D and 
write output in C and so on.

• Once array B is fully processed, the kernel ends its opera-
tion and sends the results back to the host.

• Processed data are checked for completeness and returned 
to the host.

• The host either ends its operation or copies results based 
on predefined conditions, ensuring that the final processed 
data are correctly formatted and stored.

3. FPGA Kernel to Host Operations:

• After kernel execution, the output feature maps are re-
trieved from the FPGA’s global memory and transferred 
back to the host.

• Finally, the host checks the matrix in which the final 
results were written; if the final results are written to 
matrix D, it copies them to matrix C, concluding the host 
operations. Otherwise, no action is performed since the 
final results are already written in matrix C.

The clear separation of tasks and conditional checks ensures that 
the system operates efficiently and effectively, handling various types 
of CNN layers in different NN architectures. Based on the Darknet 
framework, our proposed extensions allow for the seamless acceleration 
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of the convolutional layers of a wide range of different CNNs, achieving 
a fast and power-efficient implementation.

In summary, the convolutional kernel in addition to the matrix 
multiplication kernel presented in Section 4.3 it also implements the 
required padding and striding while supporting multiple channels. The 
host code is responsible for preparing data, managing kernel execution, 
and handling results, ensuring efficient operation and minimal data 
transfer overhead.

4.3. Implementation of matrix multiplication algorithm

4.3.1. Reference implementation
Our first FPGA-implemented Kernel handles mainly the matrix mul-

tiplication tasks which is the cornerstone in virtually every CNN imple-
mentation. In order to demonstrate its efficiency, we start with a basic 
reference matrix multiplication implementation, in which we adopt a 
simple effective pipeline approach aiming at maximizing the compu-
tational efficiency on the targeted FPGAs. This design encompasses 
the most widely used algorithm for efficient execution of dense matrix 
multiplication:

# Input: Matrices A[M][K], B[K][N]
# Output: Matrix C[M][N] = A * B (accumulated)
for m from 0 to M-1 do
for k from 0 to K-1 do
for n from 0 to N-1 do

#pragma HLS pipeline
C[m, n] <- C[m, n] + A[m, k] * B[k, n]

Listing 1: Naive implementation of general matrix multiplication

The algorithm comprises of nested loops that meticulously traverse 
matrices A, B, and C, and calculate the dot product of a row from 
matrix A with a corresponding column from matrix B. The key ele-
ment for the HW implementation is the High Level Synthesis pipeline 
directive, which allows the execution of one multiplication and one 
addition in a single clock cycle achieving a relatively high throughput 
and performance. However, the main drawback of this method is the 
excessive memory accesses to external DRAMs & HBMs (i.e. in total 
M*N*K accesses in all arrays) preventing further parallelization.

To bridge the gap between the naive baseline and our fully opti-
mized dataflow architecture, we also apply vectorization, not as a novel 
contribution, but simply as an intermediate transformation that reduces 
external memory accesses and prepares the design for the subsequent 
optimizations.

In traditional FPGA matrix multiplication implementations, the fre-
quent accesses to external memories have been a performance bot-
tleneck since each DRAM access adds latency and consumes valuable 
energy. In our approach, we propose the use of 512 bit vector elements 
to dramatically reduce the number of separate external memory ac-
cesses and take advantage of the wide interfaces of FPGAs to multiple 
DRAMs or HBMs. This reduction is achieved by aggregating multiple 
data points into a single, wide uint512_t element, effectively consoli-
dating data transfers and parallel computations as illustrated in Listing 
2 (single precision numbers). Fewer external accesses translate into 
lower latency and less contention for memory resources, resulting in 
higher overall performance and energy efficiency. The use of uint512_t 
elements results in improved FPGA on chip memory (Block RAM- 
BRAM) utilization since by using wider data elements we increase the 
utilization of each BRAM memory thus maximizing the on-chip data 
storage.

# Input: A[M][K], B[K][N]
# Output: C[M][N]
# DATAWIDTH = 512 bits, DATATYPE_SIZE = 32 bits (single

precision)
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# VECTOR = DATAWIDTH / DATATYPE_SIZE (number of elements
per packed vector)

N_vec <- N / VECTOR
K_vec <- K # conceptual; vectorization

applied along N

for m from 0 to M-1 do
for k from 0 to K-1 do
scalar_a <- A[m, k] # M*K DRAM

Accesses
for n_vec from 0 to N_vec-1 do

#pragma HLS pipeline
// 3*M*K*N/VECTOR DRAM Accesses
vec_b <- load_vector_B(k, n_vec)
vec_c <- load_vector_C(m, n_vec)

for v from 0 to VECTOR-1 do
#pragma HLS UNROLL

vec_c[v] <- vec_c[v] + scalar_a * vec_b[v]

store_vector_C(m, n_vec, vec_c)

Listing 2: Matrix multiplication vectorization

The optimization of the data handling is done through the following 
functions: uint_to_float and float_to_uint. These functions seamlessly 
pack and unpack data between uint512_t and floating-point representa-
tions (single, double and half precision) in one clock cycle. To further 
improve our efficiency, both functions utilize the #pragma HLS INLINE 
directive, which instructs the compiler to inline the code thus reducing 
the control overhead and develop a more efficient data path.

In addition, modern FPGAs are connected to multiple memory banks 
with dedicated channels (e.g., multiple DRAM modules or HBM lanes) 
in order to increase the external memory bandwidth. In order to take 
advantage of those multiple lanes/modules we insert the appropriate 
HLS directives that split data transfers into a parameterizable number 
of memory banks/lanes so as to take full advantage of the bandwidth 
available in each of the memory interfaces.

4.3.2. Innovative optimization flow
Our matrix multiplication accelerator is a fully custom design built 

without the use of any existing library and tools, with a dataflow 
architecture that avoids any reliance on vendor-specific IP cores or 
libraries. In contrast to gemm_hls [30] – which streams the B matrix 
from off-chip memory and utilizes a specialized vendor-tied hardware 
library – we buffer the entire matrix B in segments into on-chip BRAM 
and stream only matrix A and the result of matrix C through the 
pipeline. In practice, BUFF_K and BUFF_N are selected so that the 
largest feasible part of matrix B fits in BRAM, thereby maximizing data 
reuse and minimizing DRAM transactions within each tile. This strategy 
significantly reduces external memory traffic and access contention 
by enabling extensive reuse of B’s data on-chip (whereas gemm_hls 
must continually re-fetch B from memory for each computation pass). 
As presented in Fig.  3, we apply HLS optimizations (e.g., loop un-
rolling, pipelining, dataflow) via pragmas in plain C code without 
leveraging any proprietary IP cores or vendor-specific libraries. This 
vendor-agnostic approach not only highlights the originality of our 
design but also ensures its portability across different FPGA platforms, 
making it different from prior solutions like gemm_hls. This opti-
mization flow exploits FPGA-specific architectural features—such as 
BRAM banking, BRAM partitioning aligned to unrolled compute units, 
and concurrent load/compute/store hardware pipelines—which are not 
present in GPUs with fixed memory hierarchies.

Moreover, as illustrated in Fig.  4, we utilize the internal BRAMs in 
conjunction with HLS streams, to optimize also the on-chip memory 
access patterns and further increase the computational efficiency. We 
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Fig. 3. Fully pipelined architecture.

Fig. 4. Architecture of innovative optimization flow.

allocate BRAM resources for matrix BRAM_B and use HLS streams for 
matrices A and C. Stream_A and Stream_C_in are used to read matrices A 
and C respectively from DRAM/HBM and Stream_C_out to transfer the 
data from the internal computation modules back to DRAMs/HBMs.

The aforementioned outcome leads to a significant decrease in 
the effective latency associated with off-chip memory retrieval and 
guarantees the accessibility of data for computational purposes, thereby 
diminishing idle time caused by external memory latency. Specifically, 
streams enable a continuous flow of data between processing elements 
without the need for intermediary storage in BRAMs, minimizing the 
latency and resource overhead. By using streams, data are transferred 
directly between the producer and consumer processes facilitation 
pipelined execution and enhancing parallelism. This direct transfer 
mechanism reduces the utilization of BRAMs for temporary storage, and 
thus leads to more efficient resource utilization, enabling us to utilize a 
larger part of array B in our compute engine. Moreover, it reduces the 
latency of writing and reading from BRAMs.

To further reduce the memory access overhead, we strategically 
reorder the traversal of the matrices. By iterating through K and N 
outside of the main computation loop, we take more advantage of the 
caching in BRAMs, which significantly reduces the DRAM/HBM ac-
cesses. This reordering guarantees also a more contiguous and efficient 
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retrieval of the data from the external memory/ies. So, all external 
accesses are cached into BRAMs in 512-bit quantities, minimizing by at 
least three orders of magnitude the total DRAM accesses (depending on 
BUFF_K & BUFF_N) as described in Listing 3. By also using HLS streams 
and the DATAFLOW pragma we can read matrix A from the external 
memory/ies simultaneously with the actual computations that use the 
previous data items while, since BRAMs are dual-port, we can also 
simultaneously read matrix C from the external memory/ies alongside 
with the writing back of the results to them.

# Input: A[M][K], B[K][N]
# Output: C[M][N]
# Tiling factors: BUFF_K, BUFF_N
# On-chip buffers: BRAM_B[BUFF_K][BUFF_N]
# Streams: stream_A, stream_C_in, stream_C_out

for ex_k from 0 to K-1 step BUFF_K do
for ex_n from 0 to N_vec-1 step BUFF_N do

//Stage 1: Read tile of B into BRAM
for k from 0 to BUFF_K-1 do
for n from 0 to BUFF_N-1 do

#pragma HLS pipeline
BRAM_B[k, n] <- load_vector_B(ex_k + k, ex_n + n)

#pragma HLS DATAFLOW
//Stage 2: Stream tiles of A
for m from 0 to M-1 do
for k_vec from 0 to BUFF_K_vec-1 do

#pragma HLS pipeline
stream_A.push( load_vector_A(m, ex_k_vec + k_vec)

)

//Stage 2: Stream tiles of C
for m from 0 to M-1 do

for n from 0 to BUFF_N-1 do
#pragma HLS pipeline

stream_C_in.push( load_vector_C(m, ex_n + n) )

//Stage 3: Compute on-chip using BRAM_B and streams
for m from 0 to M-1 do
for k_vec from 0 to BUFF_K_vec-1 do

#pragma HLS pipeline
//Parallel calculation of MM and accumulation to

stream_C_out
//UNROLL_N*UNROLL_K*VECTOR elements in 1 cycle
for n from 0 to BUFF_N-1 do

stream_C_out.push( BRAM_C[n] )

//Stage 4: Write back C tile to external memory
for m from 0 to M-1 do
for n from 0 to BUFF_N-1 do
store_vector_C(m, ex_n + n, vec_c_in + vec_c_out)

Listing 3: Innovative Memmory Access

To provide further clarification, as illustrated in Fig.  5, Stream_A is 
read in uint512_t format in order to reduce latency even further. After 
that, Stream_A and BRAM_B are fed to the computational part in order 
to calculate the outcomes. The outcomes for whole BUFF_K dimension 
are stored in BRAM_C array and then streamed with Stream_C_out in 
WriteC sized blocks.

As demonstrated in Section 5.3 our approach can leverage both 
HBMs and DRAMs. Moreover, through the allocation of matrices among 
the three Sliced Logic Regions (SLRs) of the recent AMD Alveo devices, 
we can further parallelize the kernel operations, which translate to even 
better performance and energy efficiency.

Finally, we strategically utilize the #pragma HLS pipeline in the 

matrix multiplication computation tile. This directive plays a critical 
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Fig. 5. Architecture of compute engine.

role in enabling fully pipelined processing for the entire tile. In terms 
of the implemented Synthesizable C code each iteration of the loops 
becomes a distinct processing step executed within a single clock cycle. 
In that respect we reduce pipeline stalls, guaranteeing an uninterrupted 
stream of data to the multiplication and addition hardware, achieving 
the processing of UNROLL_N*UNROLL_K*VECTOR elements in a single 
(1) clock cycle.

The implemented kernels employ several key HLS optimization 
directives, including #pragma HLS INLINE, #pragma HLS PIPELINE 
II=1, #pragma HLS UNROLL, #pragma HLS DATAFLOW, #pragma HLS 
INTERFACE, and #pragma HLS ARRAY_PARTITION. These pragmas 
collectively enable fully pipelined computation loops, efficient mem-
ory access, and maximum data reuse across the complete datapath. 
The achievable FPGA clock frequency depends on both the selected 
device and the selected parallelizing parameters. For instance, on the 
AMD Alveo U55C the maximum post-implementation clock reaches 
approximately 270 MHz for high-performance configurations and up 
to 340 MHz for lower-utilization designs. On the embedded Kria 
KR260 platform, the corresponding frequency ranges from 200 MHz to 
240 MHz depending on the design complexity and resource utilization. 
Higher unroll factors increase the degree of parallelism but they also 
lead to more complex datapaths and routing, sometimes resulting in a 
lower maximum implementation frequency. Conversely, smaller unroll 
factors allow higher operating frequencies.

One very important characteristics of our design framework is 
that all those optimization schemes can be used by the CNN de-
signer through only four (4) fully configurable parameters: buffer 
sizes BUFF_K, BUFF_N as well as loop unrolling parameters UN-
ROLL_N and UNROLL_K. These parameters enable the designer to 
customize the architecture to fully utilize any FPGA architecture/size 
and memory technology/topology. Through the careful selection of 
buffer sizes and unrolling factors, the designer can enhance memory 
access patterns and computational parallelism, achieving an optimal 
balance between resource usage, in case there are additional mod-
ules that are also placed on the same device, and throughput. The 
presented approach can also be simulated using the full-system, cycle-
accurate COSSIM simulator which can simulate custom co-processors 
implemented in HLS [43].

5. Experimental results and discussion

5.1. Performance of proposed design and implementation framework

In order to demonstrate the efficiency of our framework in terms 
of design time, Fig.  6 presents the development time needed to import 
a new CNN to our framework; more complex neural networks require 
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Fig. 6. Development time needed to import new CNNs to the framework.

Fig. 7. Power efficiency comparison to previous FPGA implementations of 
CNN accelerators.

only marginally more development time since the main input is the 
graphical scheme of the CNN and the values of the different optimiza-
tion parameters described in Section 4.1. As demonstrated, the design 
time which is required for all CNNs is less than 13 h of a junior engineer 
with less than 1.5 years of experience in FPGA design. This proves that 
our tool allows for very high designer productivity.

Moving to the performance and energy/power consumption of our 
CNN implementation, Table  1 presents the comparison between our 
work and the numerous similar systems presented in the related work 
section. As demonstrated, when compared to similar frameworks that 
support full precision, the power efficiency is superior when AlexNet is 
run on [3] and VGG16 is run on [44], while is equivalent when AlexNet 
is run on [44]. Furthermore, the power efficiency of our solution is 
significantly higher than that of quantized solutions [45] and [46] 
running AlexNet and VGG16 respectively. As summarized in Fig.  7, our 
approach exhibits a significant increase in power efficiency compared 
to previous FPGA implementations of CNN accelerators.

To ensure the fairest possible comparison across heterogeneous 
CPU, GPU, and FPGA platforms, it should be stated that all evaluated 
devices are implemented in similar processes (12,nm for the NVIDIA 
Jetson AGX Xavier, 14,nm for the Intel Xeon E5-2620v4, and 16,nm for 
the AMD Alveo U55C, Kria KR260, and NVIDIA GTX 1080), and there-
fore, are expected to exhibit comparable CMOS efficiency characteris-
tics. Furthermore, differences in thermal design power (TDP) are inher-
ently normalized in our evaluation by using the performance-per-watt 
metric (GFLOPS/W), which is widely accepted as a technology-agnostic 
measure for cross-platform energy efficiency comparisons.

All reported power results were obtained through the official AMD 
Xilinx tools. Specifically, both the Xilinx Power Estimator (XPE) and the
Power Design Manager (PDM) were used after the synthesis and imple-
mentation stages to compute static and dynamic power consumption.

Finally, Table  2 presents the comparison of SW parallel implemen-
tations and our solution. The selected high-end CPU is Intel Xeon E5, 
which is implemented in a CMOS technology which is marginally better 
that of the target FPGA (Alveo u55c). Similarly, Table  3 presents the 
comparison of the performance and power consumption of the parallel 
SW execution on an embedded multi-core ARM CPU which resides 
on the same device as our reconfigurable resources (KR260). In both 
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Table 1
Comparison to previous FPGA implementations of CNN accelerators.
 AlexNet VGG 16
  [45]  [44]  [3] Ours Ours  [45]  [46]  [44] Ours Ours  
 Device ZCU102 VC709 7A100T KR260 u55c ZCU102 ZCU102 VC709 KR260 u55c  
 Year 2019 2021 2024 2025 2025 2019 2020 2021 2025 2025  
 Precision 16b fx 32b fp 32b fp 32b fp 32b fp 16b fx 16b fx 32b fp 32b fp 32b fp  
 Latency (ms) – – 123.87 107 30 – – – 1153 150.45  
 Performance (GOP/s) 223.4 220.0 12.095 20.131 71.8 309.0 495.4 230.1 26.620 204.002 
 Power Efficiency (GOP/s/W) 9.466 22.9 7.478 13.421 21.118 13.093 32.169 23.9 14.789 55.136  
Table 2
Comparison of 5 CNNs implementations on Alveo u55c to CPU.
 AlexNet VGG 9 VGG 16 ResNet 101 ResNet 152
 Device Intel Xeon E5 Alveo u55c Intel Xeon E5 Alveo u55c Intel Xeon E5 Alveo u55c Intel Xeon E5 Alveo u55c Intel Xeon E5 Alveo u55c 
 Latency (sec) 11.6 0.03 8.5 0.328 173 0.150 104 0.285 156.6 0.385   Performance (GOP/s) 0.186 71.8 0.191 4.952 0.177 204 0.189 68.65 0.187 76.139   Power Efficiency (GOP/s/W) 0.0021 21.118 0.0022 1.457 0.002 60 0.0022 20.28 0.0022 22.394  
Table 3
Comparison of 5 CNNs implementations on embedded CPU and KR260.
 AlexNet VGG 9 VGG 16 ResNet 101 ResNet 152
 Device ARM Cortex-A53 KR260 ARM Cortex-A53 KR260 ARM Cortex-A53 KR260 ARM Cortex-A53 KR260 ARM Cortex-A53 KR260 
 Latency (sec) 104.40 0.11 76.50 0.33 1557.00 1.15 936.00 2.19 1409.40 2.96   Performance (GOP/s) 0.02 20.13 0.02 4.99 0.02 26.62 0.02 9 0.02 9.94   Power Efficiency (GOP/s/W) 0.0023 13.42 0.0024 3.33 0.0021 17.75 0.0023 6 0.0023 6.62  
comparisons our FPGA implementation can trigger significantly better 
performance.

5.2. Evaluation on a real-world use case

Our overall design and implementation flow has also been verified 
and evaluated on a real time system which is described in [47]. This un-
derline UAV system is autonomous and employs Red–Green–Blue (RGB) 
and infrared (thermal) imaging to provide real-time alerts on the condi-
tion of power lines. The primary objective of the UAV is to identify and 
segment power lines from their background using a hybrid approach 
that integrates RGB and thermal data processing and an advanced CNN 
which requires full accuracy not only in the training but also in the 
inference process. This system aims to render the power line inspections 
in a more efficient, more accurate and safer manner, by minimizing 
human intervention, which is often time-consuming and hazardous. In 
a UAV-based power line inspection over the mountainous terrain of 
Crete, where wildfire risk is high, a full-precision CNN processing fused 
RGB and thermal camera inputs is required to reliably detect any faults 
in a single pass, as any repeat UAV flight would be prohibitively costly 
and dangerous. In the UAV pilot deployment in Crete, the system was 
required to operate on battery for an entire 5 km autonomous flight, 
making overall energy consumption a critical constraint for the target 
application. In detail, our measurements demonstrated that the FPGA 
achieved approximately 60% higher energy efficiency compared to the 
GPU. This meant that the GPU-based solution was unable to complete 
the full 5 km mission in most of the real-world scenarios tested, while 
the FPGA-based implementation completed the flight reliably.

The proposed system (Fig.  8) offers several significant benefits, 
including timely and precise fault detection, enhanced personnel safety, 
and reduced operational costs. By utilizing a custom-made drone plat-
form, the system can perform in situ analyses, which enable immediate 
identification of faults and their exact locations. This capability is 
particularly advantageous in challenging terrains where traditional in-
spection methods are inefficient. The employed automated monitoring 
of the power lines is based on a specially designed CNN which allows 
for the processing of large volumes of visual and thermal data, ensuring 
that potential issues are detected and addressed promptly.

To evaluate the effectiveness of the proposed framework we tested 
it on the UAV intelligent system and we evaluated the NN in a real-life 
scenario. The real world experiment involved deploying UAVs equipped 
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with CPUs, FPGAs and GPUs and both RGB and thermal sensors to 
monitor power lines in various regions of Greece. The diverse terrain 
and environmental conditions provided a robust testbed for assessing 
the system’s performance.

Fig.  9 illustrates the experimental results when using different con-
figurations: for the on-the-UAV processing we use a KRIA260 FPGA 
board and a Jetson AGX Xavier GPU board while for the offline case we 
process the exact same RGB and thermal data on an NVIDIA 1080 GPU 
and a U55 Alveo FPGA board. We also included the latency and power 
efficiency metrics regarding the unoptimized memory-accesses on both 
Kria KR260 and Alveo u55c, so as to highlight the improvements, in 
both latency and energy consumption, achieved by reducing memory 
transactions and external transfers, when our novel framework is uti-
lized. The results reveal significant disparities in execution time and 
power efficiency among the online and offline platforms as expected. In 
both cases, though, our FPGA implementations stand out for their supe-
rior power efficiency, achieving 0.67 GFLOPS/W and 1.72 GFLOPS/W 
respectively, while maintaining competitive execution times with the 
GPUs. All GPU results were obtained using standard full-precision Py-
Torch inference, internally employing highly optimized CUDA libraries 
such as cuDNN and cuBLAS. The total energy consumption highlights 
the efficiency gap, with the Kria KR260 requiring 72 J versus 115 J on 
the Jetson AGX Xavier, and the Alveo u55c consumes only 28.2 J com-
pared to 70J on the NVIDIA GTX 1080. This highlights the advantage of 
the designed FPGA modules in optimizing energy consumption without 
compromising on performance. In the online experiment, although the 
NVIDIA Jetson AGX Xavier offers low execution time, it falls short in 
power efficiency compared to the embedded FPGA platform, indicating 
a trade-off between speed and energy consumption.

In the offline experiment, traditional high-end CPUs and GPUs, such 
as the Xeon E5-2620 and NVIDIA 1080, exhibit higher execution times 
and lower power efficiency. The experimental results clearly demon-
strate that the systems utilizing FPGAs and implemented by our novel, 
yet very easily used even by non-experienced FPGA developers, design 
and optimization framework provide a compelling solution for energy-
sensitive applications, offering a balanced approach to performance 
and power efficiency while retaining the accuracy of the original CNN 
models.

5.3. Results on matrix multiplication algorithm

We have evaluated the efficiency of our open-source, fully pa-
rameterizable, purely-C library for dense matrix multiplication when 
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Fig. 8. D-LinkNet architecture.
Fig. 9. Use case performance & power efficiency analysis on Kria KR260 & 
Alveo U55C.

targeting numerous FPGA boards. In order to comprehensively evalu-
ate the efficacy and robustness of our proposed matrix multiplication 
approach, multiple experimental runs conducted across varying dimen-
sions are presented in Table  4. The experimental results demonstrate 
that we can achieve high performance in diverse dimensional configu-
rations which highlights the wide applicability of our approach. The 
maximum performance achieved is 249 GFLOPS for matrix sized of 
M = 2048, K = 16284 and N = 4096 on a high end FPGA (AMD Alveo 
U55C) and 24 GFLOPS for matrix sized of M = 512, K = 1024 and 
N = 2048 on an embedded one (Kria KR260), while the performance 
is also relatively high in smaller matrix sizes, in contrast to the GPU 
approaches.

To demonstrate further the effectiveness of the presented approach 
we compare our fully optimized model when executed on both a high-
end FPGA (AMD Alveo U55C) and an embedded one (Kria KR260) with 
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Table 4
Results with multiple matrix dimensions.
 M K N U55

[GFLOPS]
U55
[Exec.]

KR260
[GFLOPS]

KR260
[Exec.]

 
 512 1024 2048 207 0.0104 s 24 0.89 s   1024 2048 4096 215 0.08 s 22.6 0.76 s  
 1024 4096 2048 219 0.078 s 22.6 0.76 s   2048 2048 2048 215 0.08 s 22.3 0.77 s   2048 4096 16384 229 1.2 s 22 12.5 s   2048 16384 4096 249 1.1 s 22 6.25 s   4096 4096 4096 229 0.6 s 22 12.5 s  

(i) the non-optimized reference model, (ii) the parallel execution in a 
multicore CPU, (iii) the CUDA implementation on an NVIDIA T4 GPU. 
In all experiments the array dimensions which are M = 2048, K = 4096, 
and N = 16384 are selected so as to be different from those triggering 
our peak performance demonstrating the flexibility of our approach. 
Furthermore, our results obtained from numerous experiments with 
different dimensions are fully inline with those presented in Fig.  10. 
As illustrated in this figure, our fully-optimized implementation for the 
embedded FPGA is two orders of magnitude faster than the reference 
implementation and 9x times faster compared to the fully parallelized 
algorithm executed on an embedded ARM 4core CPU (Cortex-A53) 
which resides, as a hard-IP, in the same chip as the reconfigurable 
resources; those numbers include all the memory accesses and the 
external memory technologies and topologies are exactly the same. In 
terms of total energy, the Alveo u55c consumes 30.5 J, substantially 
lower than the 91 J measured for the NVIDIA T4 under the same 
full-precision workload.

Similarly, our fully optimized approach when implemented on the 
Alveo U55C board is approximately three orders of magnitude faster 
than the reference implementation and 10×  times faster compared to 
the fully parallelized algorithm executed on an Intel Xeon E5-2620 v4 
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Table 5
Comparison to previous FPGA implementations.
 Year Device Logic. Util.

BRAM
Logic. Util.
DSPs

Perf. FP32
[GFLOPS]

Perf. FP64
[GFLOPS]

Power Effic.
GFLOPS/W

Tool/library
independency

Open
source

 
 D’ Hollander [28] 2016 Zynq-7000 32% 99% 5 – – – X   Guan [48] 2017 Stratix V 67% 17% 100 – 2.92 – X  
 gemm_hls [30] 2021 Alveo U200 58% 44% 211 74 8.49 X ✓   This work 2024 Alveo U55C 56% 44% 229 80 9.02 ✓ ✓   This work 2024 Kria KR260 94% 60% 22 10.1 2.44 ✓ ✓  
Table 6
Hardware cost of widely-used FPGAs (our architecture exploits the resources of each board by customizing the 4 Parameters).
 BRAM DSPs FF LUTs BUFF_K BUFF_N UNROLL_K UNROLL_N 
 Artix 7 FPGA AC701 70.55%

(515)
90.81%
(672)

45.46%
(122372)

74.28%
(99979)

128 128 4 2  

 Kintex7 FPGA KC705 57.87%
(515)

80.00%
(672)

21.92%
(89584)

44.99%
(91693)

128 128 4 2  

 Kria KR260 62.15%
(179)

53.85%
(672)

37.91%
(88810)

78.27%
(91669)

64 32 4 2  

 Alveo U200
(each SLR)

98.33%
(1416)

85.66%
(1953)

35.04%
(276134)

57.57%
(226884)

256 256 16 3  

 Alveo U55C
(each SLR)

73.81%
(992)

86.17%
(2592)

41.11%
(357329)

64.55%
(280522)

256 256 16 4  
Fig. 10. Performance and power efficiency analysis (FP32).

(8 cores). In order to further compare the overall efficiency of the pre-
sented approach with that triggered by the software implementation, 
the GFLOPS/Watt for each implementation were also measured. Based 
on our measurements we achieve 34×  and 9×  higher energy efficiency 
than the best CPU parallel implementation, in an Alveo U55C and a Kria 
KR260 respectively. Moreover our design, when implemented on the 
Alveo, is 3× more power efficient than the CUDA implementation on 
an NVIDIA T4 GPU which is implemented on a better CMOS technology 
(12 nm for T4 vs 16 nm for U55c).

Table  5 presents the comparison of our approach with other FPGA-
tailored similar systems. Since prior works report results on different 
FPGA devices, our comparison follows the standard practice of us-
ing normalized metrics (e.g., GFLOPS/W) to emphasize architectural 
efficiency rather than raw device capability. From those, the only open-
source widely-used library for dense Matrix Multiplication is the one 
in [30] so we tried to implement it in our reference modern FPGAs. 
However, even though it is an open-source library, it has rather limited 
applicability because it requires AMD Vitis v2021.1 or older as also 
referred in Section 2. As a result, we implemented it in the largest 
FPGA supported by this version of the tool we had available (i.e. Alveo 
U200). In addition, [30] utilizes a specialized hardware library, which 
also makes it less designer-friendly, than our purely C-based approach. 
As shown in the table, our design achieves 9.02 GFLOPS/Watt, while 
gemm_hls’ implementation triggers 8.49 GFLOPS/Watt for the same 
12 
utilization percentage (229 GFLOPS compared to 211 GFLOPS from 
gemm_hls).3

More importantly, our methodology has been developed with a 
focus on simplicity and wide compatibility, eliminating the need for any 
specific external libraries and HW implementation tools. The designer-
friendliness and the flexibility of our approach enables even non-
advanced designers to seamlessly develop matrix-multiplication mod-
ules, probably within broader systems (e.g. Convolutional Neural Net-
works (CNNs) or Deep Neural Networks (DNNs)).

Finally, in order to assess the library adaptability and resource 
utilization on different FPGA boards, we performed experiments on 
five platforms (embedded & high-end): Artix 7, Kintex7, Kria KR260, 
Alveo U200 and Alveo U55c. Table  6 presents the hardware cost for the 
optimized reconfigurable implementation of our module. Additionally, 
as a practical guideline, Table  6 provides parameter configurations 
for a wide range of FPGA devices. Specifically, the unrolling param-
eters directly correspond to the available DSP resources, while the 
buffer sizes (BUFF_K and BUFF_N) correspond to the available BRAM 
resources. These two categories are interconnected, since the BRAM 
buffers depend on the unrolling factors through the array_partition 
directive. Users can consult Table  6, compare their device’s resource 
budget to the configurations listed, and select the combination that 
maximizes utilization on their hardware. Our parametrizable approach 
is highly effective across all those boards as demonstrated by the 
high resource utilization and very high performance. By customizing 
the parameters to the individual architecture of each board, we fully 
capitalized on the distinctive attributes and capabilities of each FPGA. 
Due to the high levels of parallelism imposed by the optimizations, the 
critical factor in most of the cases is the number of DSPs, since more 
than 80% of them are utilized on most of the boards, except for the Kria 
KR260, where we achieve a 53% utilization of DSPs due to the limited 
on-chip resources (i.e. BRAMs) of the FPGA device.

3 It is very difficult to compare the actual resources in each FPGA since 
AMD is listing differently the resources for the Alveo U200 and the U55c 
boards (i.e. CLBs and Registers vs System Logic Cells).
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6. Conclusions & future work

The presented work addresses the critical need for efficient CNN 
implementations in power-constrained environments. The proposed de-
sign framework for efficient implementation of non-quantized CNNs in 
FPGAs, successfully combines high performance with energy efficiency, 
leveraging the inherent parallelism and reconfigurability of FPGAs. 
By maintaining full precision in network parameters, the framework 
achieves high accuracy without compromising significantly on power 
consumption. Moreover, the proposed design suite can be used by CNN 
designers with very limited (if at all) experience in HW design since it 
expands the very widely used DarkNet design flow and requires mainly 
the selection of 4 optimization parameters in order to create the most 
optimal implementation for a given CNN, FPGA device and perfor-
mance and power requirements. The experimental results validate the 
framework’s effectiveness, showing substantial speedups in inference 
processing and significant reductions in power usage. This work paves 
the way for more robust and efficient deployment of CNNs in embedded 
systems and edge computing, offering a viable solution for real-time 
artificial intelligence applications on the edge.

In future work, we intend to extend the proposed framework with 
optional quantization and mixed-precision inference support. This addi-
tion will enable users to dynamically balance accuracy, computational 
performance, and power/resource efficiency according to application 
requirements. Integration of these capabilities is planned for a subse-
quent publication as part of the ongoing evolution of the framework. 
We also plan to directly benchmark our framework’s designer’s produc-
tivity, accuracy, resource efficiency, and power consumption, compared 
to AccDNN, CINVESTAV’s tool, and AutoVCoder to more quantitatively 
assess the trade-offs and benefits of each approach.
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