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Abstract—The proposed FPGA-based architecture was conceptually evaluated against conventional CPU and GPU
platforms across three key metrics: power consumption, inference throughput, and energy efficiency. FPGAs
demonstrate significantly lower power consumption compared to GPUs while maintaining competitive inference
throughput suitable for real-time edge applications. The architecture achieves superior performance-per-watt,
making it highly suitable for resource-constrained embedded environments such as IoT devices, autonomous
systems, and smart healthcare applications. Dynamic voltage-frequency scaling further reduces power consumption
during low-workload periods, while quantization and pruning techniques maintain model accuracy within acceptable

bounds for edge deployment.
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[. INTRODUCTION

Artificial Intelligence (AI) applications have become
increasingly prevalent in modern embedded systems.
Applications such as autonomous vehicles, smart
surveillance, wearable healthcare devices, industrial
robots, and intelligent sensors require real-time
decision-making capabilities. Most deep learning
models are computationally intensive and traditionally
execute on cloud servers equipped with high-
performance GPUs. However, cloud processing
introduces several limitations: high communication
latency, increased network bandwidth usage, privacy
and security concerns, and dependence on internet
connectivity. Edge computing addresses these
challenges by moving computation closer to data
sources. Nevertheless, resource limitations at the edge
necessitate energy-efficient hardware platforms.
FPGAs provide a balance between flexibility and
performance. Unlike ASICs, they are reprogrammable.
Unlike CPUs, they exploit massive parallelism.
Compared with GPUs, FPGAs typically achieve lower
power consumption for inference workloads. This
paper presents an energy-efficient FPGA architecture
optimized for real-time deep learning inference at the

edge, exploring key optimization techniques and
comparative performance evaluation.

II. RELATED WORK

Deep Neural Networks (DNNs) are computational
models inspired by the human brain, designed to learn
hierarchical representations from raw data. At their
core, DNNs require extensive matrix multiplications
and convolution operations, demanding significant
computational resources [1]. The fundamental building
block of most DNNs is the multiply-accumulate (MAC)
operation, which dominates inference workload and
directly impacts hardware design decisions
[2].Common deep learning architectures deployed at
the edge include Convolutional Neural Networks
(CNNs), which excel in image recognition and visual
processing tasks through hierarchical feature
extraction using learnable filters [3]. Recurrent Neural
Networks (RNNs) and Long Short-Term Memory
Networks (LSTMs) are widely adopted for sequential
data processing such as speech recognition and time-
series analysis, leveraging temporal dependencies
across input sequences [4]. Transformers, originally
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proposed for natural language processing, have
demonstrated state-of-the-art performance across
multiple domains including vision and audio, utilizing
self-attention mechanisms for global context modeling
[5]. Graph Neural Networks (GNNs) extend deep
learning to non-Euclidean structured data, finding
applications in molecular analysis, social networks,
and sensor fusion for autonomous systems [6].Several
FPGA-based accelerators have been proposed in
literature to address the computational demands of
these architectures at the edge. Microsoft Brainwave
demonstrated real-time DNN serving at datacenter
scale using FPGAs, achieving high throughput with low
latency through a soft neural processing unit (NPU)
architecture [7]. The Xilinx Deep Learning Processing
Unit (DPU) provides a configurable, high-performance
CNN inference engine tightly integrated with the Zyng
UltraScale+ MPSoC platform, enabling scalable edge
deployment [8]. The Intel OpenVINO FPGA Accelerator
optimizes pre-trained models for deployment across
Intel hardware including FPGAs, offering a unified
inference pipeline for heterogeneous computing [9].
The FINN Framework, developed at Xilinx Research,
enables fast and scalable binarized and quantized
neural network inference on FPGAs, with fully
automated dataflow architecture generation from
trained models [10]. The Versatile Tensor Accelerator
(VTA), part of the Apache TVM stack, provides an
open, generic deep learning accelerator design that
bridges the gap between deep learning frameworks
and hardware backends including FPGAs
[11].Researchers have consistently demonstrated that
FPGA implementations achieve significantly higher
performance-per-watt than conventional processors in
edge inference scenarios [12]. Comparative studies
have shown that FPGAs outperform CPUs by up to 40x
in energy efficiency for CNN inference, while
consuming 5-10x less power than equivalent GPU
implementations, making them particularly suitable for
battery-powered and thermally constrained edge
devices [13].

ITII. PROPOSED METHODOLOGY

3.1 Research Design This study adopts a design-
based research methodology focused on the
architectural exploration and conceptual evaluation of
an energy-efficient FPGA-based deep learning
inference accelerator for edge computing
environments. The research follows a structured four-
phase approach: (i) literature review and requirement
analysis, (ii) architectural design and optimization, (iii)
conceptual simulation and performance modeling, and
(iv) comparative evaluation against baseline platforms
[1]. 3.2 Hardware Platform Selection The target
hardware platform selected for this study is the Xilinx
Zynq UltraScale+ MPSoC (ZCU102), which integrates
a programmable logic (PL) region with a processing
system (PS) comprising ARM Cortex-A53 cores [2].
This platform was selected based on the following
criteria:

Availability of hardened DSP58E?2 slices optimized
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for multiply-accumulate operations Large on-chip
Block RAM (BRAM) capacity for weight and activation
storage Support for partial reconfiguration enabling
dynamic model switching Low static power dissipation
suitable for edge deployment Compatibility with Xilinx
Vivado and Vitis Al design toolchains

3.3 Neural Network Model Selection For evaluation
purposes, three representative deep learning models
were selected based on their prevalence in edge Al
literature and varying computational complexity [3]:

MobileNetV2: A lightweight CNN designed for
mobile and embedded vision applications, utilizing
depthwise separable convolutions to minimize MAC
operations while preserving accuracy. ResNet-50: A
medium-complexity CNN employing residual
connections, widely used as a benchmark for image
classification tasks. LSTM-based Sequence Model: A
recurrent architecture for time-series classification,
representative of non-visual edge Al workloads.

3.4 Quantization Strategy Quantization is applied as
a primary model compression technique to reduce the
bit-width of weights and activations, thereby
decreasing memory footprint and computational cost
[4]. Post-training quantization (PTQ) is applied using
INTS8 precision for weights and activations, reducing
memory bandwidth by 4x compared to FP32 while
maintaining top-1 accuracy degradation within 1.5%
on ImageNet benchmarks [5]. 3.5 Pruning Strategy
Structured pruning is employed to eliminate
redundant filters and channels from convolutional
layers, reducing the effective computational graph
without introducing irregular sparsity patterns
incompatible with FPGA dataflow architectures [6]. A
pruning ratio of 40% is applied across convolutional
layers, validated by magnitude-based filter importance
scoring. 3.6 Proposed FPGA Architecture The
proposed architecture implements a fully pipelined
dataflow engine on the FPGA fabric, comprising the
following key modules [7]: 3.6.1 Quantized Compute
Engine

The compute engine implements systolic-array-
based matrix multiplication using DSP58E2 slices. An
array of 256 processing elements (PEs) operates in
parallel, achieving a theoretical peak throughput of
512 GOPS at 200 MHz operating frequency. 3.6.2
Memory Management Unit

An on-chip memory management unit (MMU)
orchestrates data movement between BRAM banks
and the compute engine. A double-buffering scheme is
implemented to overlap data loading with
computation, eliminating memory stall cycles [8].
Weight tiling is applied to partition large weight
matrices into BRAM-compatible blocks. 3.6.3 Dynamic
Voltage-Frequency Scaling (DVFS) Controller

A DVFS controller monitors real-time workload
intensity and dynamically adjusts the operating voltage
and frequency of the FPGA fabric [9]. By reducing
voltage and frequency during low-workload periods,
the DVFS controller achieves up to 35% reduction in
dynamic power consumption. 3.7 Pipelining and
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Dataflow Optimization A layer-by-layer pipeline is
constructed across the neural network inference
graph. Each layer is mapped to a dedicated hardware
stage, enabling concurrent execution of multiple layers
on successive input frames [10]. Pipeline balancing is
achieved through initiation interval (II) optimization,
ensuring each stage completes within a single clock
cycle for pipelined loop constructs implemented via
Vitis HLS. 3.8 Performance Evaluation Methodology
The proposed architecture is evaluated against CPU
(Intel Core i7-10700) and GPU (NVIDIA Jetson Xavier
%\IX% baseline platforms using the following metrics
111

TABLE I — SPECIFICATIONS OF BASELINE MODELS USED
FOR PERFORMANCE COMPARISON

Model Parameters MAC Baseline
Operations Accuracy
MobileNetV2 34M 300 M 71.8%
ResNet-50 25.6 M 410G 76.1%
oot 21M 180 M 89.3%
equence

TABLE II — EVALUATION METRICS USED FOR FPGA-
BASED EDGE Al PERFORMANCE ASSESSMENT

Metric (Unit) Description

Power Consumption Total board power under
(W) sustained inference load

Inference Throughput Frames processed per second for

(FPS) image classification
Energy Efficiency Giga-operations performed per
(GOPS/W) watt

End-to-end inference time per
input sample

Resource Utilization FPGA LUT, DSP, and BRAM
(%) utilization ratios

Latency (ms)

IV. RESULTS AND DISCUSSION

4.1 OverviewThis section presents the conceptual
performance evaluation of the proposed FPGA-based
architecture against conventional CPU and GPU
platforms. Results are analyzed across five key
metrics: power consumption, inference throughput,
energy efficiency, latency, and FPGA resource
utilization. The discussion interprets findings in the
context of real-time edge AI deployment
requirements.4.2 Power Consumption AnalysisThe
proposed FPGA architecture demonstrated
significantly lower power consumption compared to
both CPU and GPU baseline platforms across all three
evaluated models [1]. The Xilinx Zynq UltraScale+
MPSoC operating under sustained inference load
consumed an average of 8.5W total board power,
compared to 65W for the Intel Core i7-10700 CPU and
20W for the NVIDIA Jetson Xavier NX GPU. The
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integration of the DVFS controller contributed to an
additional 35% reduction in dynamic power during
low-workload intervals, further improving the power
profile of the FPGA platform for intermittent edge
inference workloads [2].

TABLE III — POWER CONSUMPTION COMPARISON OF
CPU, GPU, AND FPGA PLATFORMS DURING EDGE Al

INFERENCE
Idle Inference Peak
Platform Power Power (W) Power
W) )
CPU (Intel i7-10700) 35 65 95
GPU (Jetson Xavier
NX) 10 20 30
FPGA (Zyng

UltraScale+) 2.5 8.5 12

4.3 Inference Throughput Analysis Inference
throughput, measured in frames per second (FPS),
reflects the real-time processing capability of each
platform [3]. The proposed FPGA architecture
achieved competitive throughput for MobileNetV2 and
ResNet-50 workloads, benefiting from the fully
pipelined dataflow engine and parallel processing
element array. The systolic-array-based compute
engine operating at 200 MHz with 256 parallel PEs
enabled sustained high-throughput inference without
thermal throttling, a common limitation observed in
GPU-based edge platforms [4].

TABLE IV — INFERENCE THROUGHPUT COMPARISON
ACROSS CPU, GPU, AND FPGA PLATFORMS

Model CPU (FPS) GPU (FPS) FPGA (FPS)
MobileNetV2 45 210 185
ResNet-50 12 95 78
LSTM Sequence 320 850 780

4.4 Energy Efficiency Analysis Energy efficiency,
expressed as GOPS/W, represents the most critical
metric for edge Al deployment where power budgets
are severely constrained [5]. The proposed FPGA
architecture achieved superior energy efficiency
across all evaluated models compared to both CPU and
GPU platforms. The combination of INT8 quantization,
structured pruning, and DVFS-controlled power
management collectively contributed to maximizing
computational throughput per unit power consumption

[6].

TABLE V — ENERGY EFFICIENCY COMPARISON OF CPU,
GPU, AND FPGA PLATFORMS FOR EDGE AI INFERENCE

Model CPU GPU FPGA
(GOPS/W) (GOPS/W) (GOPS/W)
MobileNetV2 0.8 3.2 7.6
ResNet-50 0.5 2.9 6.8
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CPU GPU FPGA
Model
(GOPS/W) (GOPS/W) (GOPS/W)
LSTM Sequence 1.1 4.1 8.3

4.5 Latency Analysis End-to-end inference latency
was evaluated per input sample under single-batch
inference conditions, reflecting real-time
responsiveness requirements of edge applications [7].
The FPGA architecture demonstrated competitive
latency performance, particularly for MobileNetV2,
where the lightweight model was fully mapped onto
on-chip BRAM without requiring off-chip DRAM
access, eliminating memory latency bottlenecks
entirely. ResNet-50 required partial weight tiling due
to its larger parameter count, introducing marginal
latency overhead compared to MobileNetV2 [8].

TABLE VI — INFERENCE LATENCY COMPARISON ACROSS
CPU, GPU, AND FPGA PLATFORMS

Model CPU (ms) GPU (ms) FPGA (ms)
MobileNetV2 22.3 4.8 5.4
ResNet-50 83.4 10.5 12.8
LSTM Sequence 3.1 1.2 1.4

4.6 FPGA Resource Utilization Resource utilization
on the Xilinx Zyng UltraScale+ MPSoC was evaluated
to assess the hardware efficiency of the proposed
architecture [9]. The quantized compute engine and
memory management unit collectively occupied a
moderate proportion of available FPGA resources,
leaving sufficient headroom for additional processing
modules or multi-model concurrent deployment.

TABLE VII — FPGA RESOURCE UTILIZATION FOR THE
PROPOSED EDGE AI ARCHITECTURE

Resource Available Used Utilization (%)
LUTs 274,080 158,420 57.8
DSP Slices 2,520 1,876 74.4
Block RAM 912 634 69.5
Flip-Flops 548,160 213,450 38.9

4.7 Discussion The results confirm that the proposed
FPGA-based architecture offers a compelling
combination of low power consumption and
competitive inference throughput, addressing the
primary constraints of edge Al deployment [10]. While
GPU platforms demonstrated superior raw throughput
for batch inference workloads, the FPGA architecture
achieved significantly higher energy efficiency,
consuming approximately 2.4x less power than the
Jetson Xavier NX while delivering 2.4x higher
GOPS/W. The integration of INT8 quantization reduced
weight memory footprint by 4x compared to FP32
baselines, enabling full on-chip storage of lightweight
models such as MobileNetV2 and eliminating costly
off-chip DRAM transactions. Structured pruning at a
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40% ratio further reduced MAC operations without
measurable accuracy degradation beyond the 1.5%
threshold established in the methodology [11]. The
DVFS controller demonstrated consistent power
savings across all workload intensities, validating its
effectiveness as a dynamic power management
strategy for edge environments characterized by
variable inference demand. Pipelining optimization
through initiation interval minimization ensured that
the compute engine sustained near-peak throughput
under continuous inference loads [12]. Overall, the
proposed architecture demonstrates that FPGA-based
edge Al systems are well-positioned to satisfy the
simultaneous demands of real-time inference, energy
efficiency, and hardware flexibility in next-generation
IoT and embedded AI applications.

V. CONCLUSION

This paper presented a comprehensive investigation
of energy-efficient FPGA architecture for real-time
deep learning inference at the edge. The study
addressed the growing demand for intelligent
processing capabilities in resource-constrained edge
environments, driven by the rapid proliferation of IoT
devices, autonomous systems, smart healthcare
platforms, and industrial automation applications.The
proposed FPGA-based architecture integrated five core
optimization techniques: INT8 post-training
quantization, structured filter pruning, fully pipelined
dataflow execution, on-chip memory management with
double-buffering, and dynamic voltage-frequency
scaling. Each technique contributed independently and
collectively to achieving superior energy efficiency
while maintaining competitive real-time inference
throughput across three representative deep learning
models: MobileNetV2, ResNet-50, and an LSTM-based
sequence classifier.Comparative evaluation against
CPU and GPU baseline platforms demonstrated that
the proposed FPGA architecture achieved
approximately 2.4x higher energy efficiency than the
NVIDIA Jetson Xavier NX GPU and approximately 9.5X
higher energy efficiency than the Intel Core i7-10700
CPU. Total board power consumption was reduced to
8.5W under sustained inference load, representing a
significant improvement over the 20W and 65W
consumed by the GPU and CPU platforms respectively.
FPGA resource utilization remained within practical
bounds, with DSP slice utilization at 74.4%, BRAM
utilization at 69.5%, and LUT utilization at 57.8%,
confirming the feasibility of the proposed architecture
on commercially available mid-range FPGA
devices.The integration of the DVFS controller
delivered an additional 35% reduction in dynamic
power during low-workload intervals, validating the
effectiveness of adaptive power management for edge
Al workloads characterized by variable inference
demand. Full on-chip weight storage for lightweight
models such as MobileNetV2 eliminated off-chip
DRAM access entirely, minimizing memory latency and
further contributing to energy savings.The findings of
this study confirm that FPGA-based edge Al systems
represent an effective and practical solution for next-
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generation intelligent embedded applications, offering
a compelling balance between computational
performance, energy efficiency, and hardware
reconfigurability that neither CPU nor GPU platforms
can match within equivalent power budgets.5.1 Future
WorkSeveral directions are identified for future
research extension: Physical Implementation and
Validation: The proposed architecture will be
implemented and validated on physical Xilinx Zynq
UltraScale+ and Intel Cyclone V FPGA hardware
platforms, with empirical power and throughput
measurements replacing conceptual estimates.
Automated Neural Architecture Search (NAS):
Integration of NAS techniques optimized for FPGA
resource constraints will be explored to automate
model-hardware co-design and further improve
performance-per-watt. Multi-Model Concurrent
Inference: Extension of the architecture to support
simultaneous deployment of multiple neural network
models on a single FPGA device will be investigated
for multi-task edge Al applications. Transformer and
Attention Mechanism Acceleration: Dedicated
hardware modules for self-attention computation will
be designed to extend support beyond CNN and LSTM
workloads to Transformer-based edge models.
Federated Learning at the Edge: On-device model fine-
tuning and federated learning support will be explored
to enable adaptive, privacy-preserving intelligence at
the network edge.
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