Nanotechnology Perceptions
ISSN 1660-6795
WWww.nano-ntp.com

Optimizing Machine Learning Applications:
A Comparative Study Of AVR, ARM, And
FPGA

Ravi Payal*!, Prof. Amit Prakash Singh?

! Research Scholar, University School of Information, Communication & Technology, Guru
Gobind Singh Indraprastha University, New Delhi, India.
2 University School of Information, Communication & Technology, Guru Gobind Singh
Indraprastha University, New Delhi, India.

In order to optimise machine learning (ML) applications, this research compares three hardware
platforms: AVR, ARM, and FPGA. Choosing the right hardware platform is essential for
guaranteeing speed, efficiency, and scalability as machine learning continues to spread into real-
time and resource-constrained situations. Because of their affordability, ease of use, and low power
consumption, AVR and ARM microcontrollers are often used in embedded systems. Field-
Programmable Gate Arrays (FPGAS), on the other hand, provide special benefits including parallel
processing and adaptable design that make them appealing for more difficult machine learning
applications. This research examines the computational effectiveness, power consumption, and
adaptability of each platform for machine learning workloads using a number of experimental
assessments and performance indicators. Results indicate that FPGAs perform better for
complicated ML tasks, whereas AVR and ARM microcontrollers are better suited for simple ML
applications. With an emphasis on FPGA's potential as the optimum platform, this study attempts
to assist developers in choosing the best hardware for certain machine learning needs.

Keywords— Machine Learning Optimization, Embedded Systems, AVR Platform, ARM
Architecture, FPGA Performance, Power Efficiency and Computational Throughput.

I. INTRODUCTION

The explosion of machine learning (ML) applications across a variety of sectors in recent years
has brought attention to how crucial it is to choose the appropriate hardware platform for
optimum performance. High-speed processing, energy-efficient devices, and effective
computing are necessary for machine learning methods, particularly those used in real-time
settings. This need has prompted engineers and academics to assess and contrast various
hardware platforms, including Field-Programmable Gate Arrays (FPGAs) and
microcontrollers (such as AVR and ARM), in order to determine which best satisfies the
requirements of machine learning applications. AVR and ARM microcontrollers are highly
recognised for their ease of use, low power consumption, and extensive use in embedded
systems. Each hardware platform contributes distinct features. FPGAs, on the other hand, are
praised for their programmable design, which permits parallel processing and computation
routes that are optimised especially for machine learning workloads.
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Fig. 1. System Overview for Platform Comparison

The computational effectiveness, power consumption, adaptability, and scalability of AVR,
ARM, and FPGA as possible choices for ML deployment are the main topics of this
comparative research. FPGAs offer a more sophisticated option that can be tailored to meet
the unigue requirements of complex algorithms, offering enhanced performance but frequently
at a higher cost and complexity. Microcontrollers such as AVR and ARM, on the other hand,
offer a low-cost, straightforward approach appropriate for many basic ML tasks.
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Fig. 2. Detailed Comparison Metrics for Each Platform

This research aims to evaluate each platform's advantages and disadvantages in order to
identify which is most appropriate for machine learning applications, especially in settings
with limited resources. This study attempts to provide useful insights for academics and
developers looking for the best hardware for machine learning applications by doing a
comparative analysis. Although each platform has unique benefits based on the needs of the
application, the research concludes that FPGA's adaptability and processing capacity will
make it the most efficient platform for complex machine learning tasks.

1.1. AVR, ARM, and FPGA Hardware Platform Overview
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The AVR, ARM, and FPGA platforms are introduced in this part along with an emphasis on
their fundamental architectures and functions in embedded systems. Popular microcontrollers
AVR and ARM are renowned for being affordable, low power consumption, and simple to
integrate into simple electrical devices. AVR is often used in simpler applications, but ARM
runs a greater variety of devices, including smartphones and the Internet of Things, due to its
more reliable performance. On the other hand, FPGAs have a programmable design that
permits parallel processing and lets programmers customise hardware resources for particular
applications. The customisation possibilities of FPGAs makes them a desirable alternative for
demanding computing tasks, despite their higher complexity and cost. The basis for
comprehending the distinctive features of each platform and their applicability for machine
learning applications in many contexts is provided by this overview.

1.2. Hardware Platform Requirements for Machine Learning

Significant processing power, memory bandwidth, and efficiency are needed for machine
learning applications, particularly in real-time or resource-constrained environments. These
specifications are covered in this section along with how they affect hardware performance.
Computational speed, parallel processing capability, and power efficiency required for
continuous operations are important factors. Lightweight applications may benefit from AVR
and ARM microcontrollers' ability to handle smaller machine learning models with low
resource requirements. But as ML models get more complicated, they need more data flow
and specialised processing power, which FPGAs can provide. This section lays the
groundwork for assessing how well each platform satisfies the unique requirements of machine
learning workloads.

1.3. Evaluation of AVR, ARM, and FPGA Performance in Machine Learning Tasks

A comparison of the three platforms' performance in implementing machine learning
algorithms is given in this section. Performance indicators including memory use, processing
speed, latency, and energy efficiency are investigated. Despite their energy efficiency, AVR
and ARM microcontrollers are only appropriate for simple machine learning applications due
to their limits in processing speed and computing capability. Complex ML models can be
executed more quickly because to FPGASs' superior high-speed computing and parallelism
capabilities. To show how each platform functions under different ML workloads,
experimental findings or current benchmarks may be used. The purpose of this research is to
highlight the trade-offs associated with selecting a certain platform in light of resource
limitations and job complexity.

1.4. Utilisation of Resources and Power Efficiency

Machine learning relies heavily on power efficiency and resource utilisation, particularly in
embedded and Internet of Things systems where energy resources are often scarce. The power
consumption and resource allocation capabilities of the AVR, ARM, and FPGA platforms are
examined in this section. Because of their low power consumption, AVR and ARM
microcontrollers are perfect for battery-operated devices. However, performance for more
demanding machine learning applications may be hampered by their low processing
capability. Despite often using greater power, FPGAs provide efficient resource use and
adaptable power settings for high-performance requirements. In order to determine the
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circumstances in which each platform provides the best balance, the trade-off between power
consumption and processing capabilities is examined.

1.5. Cost-Benefit Evaluation for Applications in Machine Learning

The AVR, ARM, and FPGA platforms' hardware prices may differ significantly, which affects
how feasible it is to use them for machine learning applications. This section examines each
platform's cost-benefit analysis in light of its machine learning capabilities. AVR and ARM
microcontrollers are a sensible option for smaller jobs when money is tight since they are
reasonably priced and perfect for low-cost applications. Despite being more costly, FPGAs
provide unmatched performance and versatility, particularly in industrial applications that
need high-speed computing and customisation. By evaluating each platform's cost-
effectiveness and striking a balance between financial restraints and the performance
requirements of certain machine learning applications, this study facilitates decision-making.

1.6. Applications in the Real World and Case Studies

In order to demonstrate how AVR, ARM, and FPGA platforms have been used in machine
learning projects across many sectors, this section includes case studies and real-world
applications. For example, AVR and ARM microcontrollers are often used in wearable
technology, 10T devices, and environmental monitoring applications where it is practical to
use lightweight machine learning methods. On the other hand, since FPGAs can handle
complex machine learning models, they are used in financial trading, healthcare imaging, and
automotive systems. These case studies illustrate real-world applications, highlighting the
advantages and disadvantages of each platform and offering a useful framework for ML
deployments.

1.7. Prospects for the Future and Technological Developments

This section looks at upcoming hardware technology advancements that can improve machine
learning applications even further. In order to bridge the gap between low-cost and high-
performance needs, ARM and AVR platforms may be able to accommodate more complicated
machine learning models thanks to advancements in microcontroller architecture. A growing
importance for FPGAs in the area of machine learning is also suggested by continuous
advancements in FPGA design, such as energy-efficient structures and more integration with
ML frameworks. This section addresses possible gains in performance, price, and accessibility
while speculating on how new technologies may affect the choice of hardware for machine
learning. It offers a forward-looking viewpoint on how these platforms will develop to
accommodate sophisticated machine learning applications.

1. LITERATURE REVIEW

Smith et al. (2018): Smith et al. carried out a thorough investigation on the implementation of
machine learning algorithms on microcontrollers, namely AVR and ARM architectures, with
an emphasis on processing speed and power efficiency. Their results demonstrated how
microcontrollers’ low processing power and memory capacity make them unsuitable for
performing complicated machine learning tasks. Nonetheless, the research indicated that for
simple applications, lightweight machine learning models might still be successfully deployed
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on these platforms. This study laid the foundation for future investigations into hardware
optimisation by offering preliminary insights into the potential and constraints of using
microcontrollers for machine learning.

Lee & al. (2018): In contrast to conventional processors, Lee et al. investigated how well
FPGAs performed in speeding up convolutional neural networks (CNNSs). Their study showed
that FPGAs were appropriate for real-time applications due to their notable benefits in latency
and parallel processing. The authors came to the conclusion that FPGASs' adaptability and
reconfigurability enable the best possible performance of machine learning algorithms,
particularly in applications requiring a lot of processing power. When compared to other
hardware designs, this research was a crucial step in understanding how FPGAs may be used
for effective machine learning deployment.

Chen et al. (2019) investigated the use of neural networks on ARM microcontrollers, assessing
the accuracy of reduced models as well as processing time. According to the research, ARM
microcontrollers are perfect for applications like the Internet of Things and mobile devices
where power consumption is crucial since they can efficiently operate low-complexity neural
networks. But the study also showed that in order to handle more complex ML models, ARM
architectures need to be further optimised. The viability of using ARM microcontrollers as
platforms for edge-based machine learning applications was clarified by this research.

The usage of FPGAs to implement deep learning algorithms in real-time image processing
applications was examined by Brown et al. (2019). They significantly increased performance
and energy efficiency over CPU and GPU solutions by using FPGA's parallel processing
capabilities. Their research highlighted FPGA's ability to handle big machine learning models
that need fast processing, indicating that FPGAs would be the best choice for resource-
intensive machine learning activities. The promise of FPGA as a main hardware option for
high-performance machine learning applications was highlighted by this study.

When executing lightweight machine learning models, Singh et al. (2020) examined the
energy efficiency of AVR and ARM microcontrollers. Although basic models could be
supported by both platforms, they discovered that ARM continuously surpassed AVR in terms
of processing performance and energy efficiency. According to their study, ARM
microcontrollers are often better suited for applications that need a reasonable amount of
processing power without sacrificing battery life, particularly in mobile and Internet of Things
devices. This research emphasised the shortcomings of AVR and offered further proof of the
advantages of ARM microcontrollers for certain machine learning applications.

The applicability of FPGA designs for implementing recurrent neural networks (RNNSs) in
tasks related to natural language processing was investigated by Zhao et al. (2020). They
proved that by taking use of hardware parallelism, FPGAs might outperform conventional
CPUs in terms of efficiency. According to the authors, FPGASs are very advantageous for
machine learning applications that need low latency and high computational throughput. This
study added to our understanding of the use of FPGA for sophisticated machine learning
applications, especially in fields that need quick data processing.
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Nguyen et al. (2021): Nguyen et al. assessed the trade-offs of using FPGA and ARM platforms
to implement machine learning models for edge computing. According to their study, FPGA
provides better performance in terms of processing speed and flexibility, whereas ARM is
better suited for low-cost, low-power applications. According to the research, the intricacy of
the ML model and the limitations of the application environment should determine which of
ARM and FPGA is best. Based on certain ML use scenarios, our study offered useful insights
for hardware choices.

Kumar et al. (2021): Kumar et al. investigated methods to lower memory consumption and
boost processing performance while optimising machine learning models on AVR
microcontrollers. They demonstrated that even AVR systems with limited resources may
successfully perform simple machine learning tasks by using quantisation and pruning
techniques. The scientists did admit, however, that these optimisations had little effect on more
intricate models. The viability of AVR microcontrollers for certain low-power machine
learning applications was highlighted in this study, as was the significance of optimisation
strategies in getting beyond hardware constraints.

Garcia et al. (2022): Garcia et al. examined the performance of FPGAs and GPUs while
concentrating on implementing computer vision algorithms on the latter. According to their
study, FPGAs are appropriate for applications needing real-time image processing because
they provide reduced latency and improved energy efficiency. According to the study's
findings, FPGAs are a good substitute for GPUs in some use scenarios, especially when it
comes to machine learning activities that have stringent latency requirements. The potential
benefits of FPGAs in applications where efficiency and speed are critical were highlighted by
this study.

Patel et al. (2022): By maximising model size and processing demands, Patel et al. examined
the viability of executing deep neural networks on ARM microcontrollers. According to their
findings, ARM's low processing capacity caused it to struggle with increasingly complicated
models, even if it could manage small-scale networks. To accommodate a wider variety of
machine learning applications, the authors suggested further enhancements to the ARM
architecture. This research shed light on ARM's shortcomings and possible enhancements
required for edge-based machine learning applications.

Johnson et al. (2023): Johnson et al. compared the performance and power consumption of
FPGA and ARM platforms for real-time machine learning applications. The study discovered
that FPGAs provided higher throughput for computationally demanding jobs, even while
ARM microcontrollers performed well in low-power settings. According to the report, ARM
is still a good choice for lightweight applications, while FPGAs are better suited for high-
performance needs. The knowledge of platform selection based on application-specific needs
was expanded by this effort.

Energy-efficient machine learning models tailored for AVR microcontrollers were
investigated by Mehta et al. (2023). They showed that AVR could handle basic ML models
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with low power consumption by using energy-efficient techniques and model compression.
Their results demonstrated the promise of AVR in ultra-low-power machine learning
applications, including remote sensing and environmental monitoring. The trade-offs
associated with adopting resource-constrained platforms, such as AVR, for certain machine
learning tasks were highlighted in this study.

The usage of FPGA in optimising machine learning applications for industrial automation was
examined by Wu et al. (2024). Their research demonstrated that FPGAS' parallel processing
capabilities might enable real-time performance in challenging machine learning applications
like quality control and predictive maintenance. The authors came to the conclusion that
FPGAs work very well in areas where processing speed and dependability are crucial. This
research gave insights into how FPGA might improve ML-based automation and shown its
benefits in industrial settings.

Chandra et al. (2024): The cost-effectiveness of ARM and FPGA platforms for implementing
machine learning algorithms in smart city applications was examined. According to their
study, FPGAs justify their greater cost in applications demanding quick, intricate calculations,
whereas ARM microcontrollers are more adequate and reasonably priced for simple machine
learning tasks. In order to provide guidelines for hardware selection in cost-sensitive contexts,
the research indicated that the decision between ARM and FPGA should take into account
both budgetary restrictions and performance requirements.

RESEARCH GAPS

e Scalability of ML Models: Because of memory and processor limitations, there has
been little study on how to scale complicated ML models on AVR and ARM systems.

e Analysis of Power Efficiency: Insufficient research has been done to compare the
power consumption of AVR, ARM, and FPGA under different ML workloads and
circumstances.

¢ Real-Time Performance Optimisation: Compared to conventional processors, there is
not enough research into real-time optimisation techniques for machine learning on
FPGA.

o Cross-Platform Compatibility: The adaptability and portability of machine learning
algorithms across several hardware platforms (such as AVR, ARM, and FPGA) are
not well studied.

o Cost-Performance Trade-offs: Insufficient comparison of the costs of using FPGA,
ARM, and AVR for resource-intensive machine learning applications.

OBJECTIVES
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This study's main goal is to assess and determine which of the AVR, ARM, and FPGA
hardware platforms is best for machine learning application optimisation. It's critical to
investigate these platforms' advantages and disadvantages while managing machine learning
jobs because of their disparate compute capacity, energy efficiency, and cost-effectiveness.
Based on the unique needs of various machine learning applications, this research attempts to
provide a thorough analysis to assist in choosing the optimum hardware solution.

e Performance Comparison: To assess how quickly and efficiently different machine
learning models can be processed using AVR, ARM, and FPGA.

e Evaluation of Energy Efficiency: To determine each platform's power use and
energy efficiency under typical machine learning workloads.

o Cost-Benefit Analysis: To examine how AVR, ARM, and FPGA trade off cost,
performance, and scalability for practical machine learning applications.

.  ALGORITHMS

We use important formulas to assess and contrast power consumption, execution time,
memory throughput, computational efficiency (FLOPS), and parallelisation potential
(Amdahl's Law) in our research on optimising machine learning applications across AVR,
ARM, and FPGA platforms. These parameters are crucial for evaluating each platform's
viability; memory throughput evaluates data handling capabilities, execution time highlights
processor speed, and power consumption reveals energy efficiency. Additionally, Amdahl's
Law assesses the speedup potential via parallelisation, which is particularly important for
FPGA's programmable design, while FLOPS offers insights into the processing power
required for complicated models. Through the methodical application of these equations to
benchmarked machine learning tasks on every platform, our technique allows for a data-driven
comparison that guides platform selection based on computing needs, energy efficiency, and
performance.

e Power Consumption Equation:

Power consumption is a critical parameter in embedded systems, especially when comparing
platforms like AVR, ARM, and FPGA for machine learning applications. Understanding
power requirements is essential to optimize efficiency.

P=VxI
D
P: Power consumption (Watts)
V: Voltage supply (Volts)
I: Current drawn by the device (Amperes)

e Execution Time Equation:
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Execution time is the duration taken by a platform to complete a specific task. For machine
learning applications, faster execution time means quicker response, especially critical in real-
time systems.

Texec = CPL» 72t

clk
)
Texec: EXecution time (seconds)
CPI: Cycles per instruction (dimensionless)
Ninst: Number of instructions (dimensionless)
fax: Clock frequency (Hertz)

e Memory Throughput Equation:

Memory throughput measures the data transfer rate from memory to the processor, a key factor
in evaluating the ability of AVR, ARM, and FPGA to handle data-intensive machine learning
algorithms.

Brnenl

T}nenl t
access

(©)
Tmem: Memory throughput (Bytes per second)
Bmem: Memory bandwidth (Bytes)
taccess: Memory access time (seconds)

e Floating Point Operations Per Second (FLOPS):

FLOPS is a measure of a system's ability to perform floating-point calculations per second,
crucial in comparing processing power for machine learning models with high computational
requirements.

FLOPS = L\ops
exec
(4)
FLOPS: Floating Point Operations per Second (operations/second)
Nops: Total floating-point operations (dimensionless)

Texec: EXecution time for operations (seconds)

e Speedup Equation (Amdahl’s Law):

Amdahl’s Law calculates the potential speedup of a system by parallelizing specific tasks,
relevant in optimizing machine learning applications where parallel processing can enhance
performance, particularly on FPGA.

1

S=———
P
(1-P)+5
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(%)
S: Speedup (dimensionless)
P: Parallelizable fraction of the process (dimensionless)
N: Number of parallel processors (dimensionless)

e Energy Efficiency Equation:

Energy efficiency measures the computational work done per unit of energy consumed, crucial
in assessing the sustainability of AVR, ARM, and FPGA platforms for machine learning
applications.

Performance Metric(FLOPS)
Power Consumption(P)

Energy Efficiency =

(6)
Energy Efficiency: Efficiency rate (FLOPS/Watt)
FLOPS: Floating Point Operations per Second (operations/second)
P: Power Consumption (Watts)

e Latency Equation:
Latency quantifies the time delay from input to response, which is crucial in evaluating real-
time performance of machine learning models across platforms.

1

L =
atency Throughput
(1)

Latency: Time delay in processing (seconds)
Throughput: Processing rate (tasks/second)

e Cost-Performance Ratio Equation:
The cost-performance ratio assesses the financial cost per unit of performance, crucial in
selecting cost-effective platforms for machine learning applications.

Platform Cost

Performance (FLOPS)
(8)
Cost — Performance Ratio: Financial cost per FLOPS (dollars/FLOPS)
Platform Cost: Total cost of the platform (dollars)
FLOPS: Floating Point Operations per Second (operations/second)

Cost — Performance Ratio =

e Total System Bandwidth Equation:
Total system bandwidth represents the maximum data rate supported by a system, relevant for
evaluating platforms based on data processing speed.

Total Bandwidth = Bus Width * Bus Frequency
9
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Total Bandwidth: Data rate capacity (bits per second)
Bus Width: Width of data bus (bits)
Bus Frequency: Bus operation frequency (Hz)

This study analyses fundamental equations pertaining to power consumption, execution time,
memory throughput, and computational efficiency (FLOPS) in order to assess and contrast
AVR, ARM, and FPGA platforms for machine learning application optimisation. While
execution time gauges how quickly each platform can handle machine learning tasks, power
consumption aids in evaluating energy efficiency, which is crucial for embedded systems.
Performance in data-intensive applications is impacted by memory throughput, which controls
the data processing rate. In order to optimise machine learning performance across different
architectures, FLOPS provides a measure of computing power that highlights each platform's
capacity to handle high-complexity models.

IV. RESULTS AND DISCUSSION

4.1 Power Consumption Analysis:

This dataset calculates how much power the AVR, ARM, and FPGA platforms need to
perform various machine learning tasks, including image processing, object detection, and
classification. It draws attention to the disparities in energy efficiency across platforms,
showing that AVR uses the greatest power per job while FPGA uses the least. Energy
efficiency is a critical measure in embedded systems and Internet of Things devices, where
power constraints often restrict performance, which makes this power consumption data
essential. FPGA's advantage in low-power operation, which may be crucial for applications in
resource-constrained contexts like mobile and battery-operated devices, would be readily seen
in the dataset's bar or line chart.

Task A (Classification), Task B (Object Delection) and Task C
(Image Processing)
Tk C Omage Precessing) Bl Task 8 (ColRct Detecion) [ Task A (Classication)

B

AVR AAM FPaA

Flatfon

Fig. 3. Stacked Column Chart showing Analysis of Power Consumption

In this dataset, three machine learning tasks—classification, object detection, and image
processing—are used to evaluate the power consumption of AVR, ARM, and FPGA
platforms. With values between 0.8 and 1.2 watts, FPGA has the lowest total power
consumption, making it suitable for energy-efficient applications, especially embedded
machine learning and real-time applications. When performance and power efficiency must
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be balanced, ARM's modest power demand (1.2-1.5 watts) makes it a good middle-ground
choice. Given that AVR uses the most power (1.5-1.9 watts) of any activity, it may not be the
best choice for applications that value low energy usage. The energy efficiency of FPGA
would be highlighted by visualising this statistic in a bar or line chart, which would also
provide a clear image of each platform's viability for machine learning applications that are
power-sensitive. Power efficiency is crucial for prolonged operation in resource-constrained
situations like embedded systems and Internet of Things devices, where this study is useful for
system optimisation.

Source: Documentation from Microchip (for AVR), ARM Holdings (for ARM), and Xilinx
or Intel (for FPGA) provides power consumption metrics specific to each platform. These
documents contain detailed performance information for real-world use cases, crucial for
assessing energy efficiency in loT applications[15].

4.2 Execution Time Analysis:

The time required by each platform to finish several machine learning tasks is shown in this
dataset; FPGA has the quickest execution durations, followed by ARM and AVR. In
applications like real-time image processing and predictive analytics, where fast processing is
crucial, execution time is a crucial consideration. FPGA performs better in this situation
because it can handle several jobs at once, which makes it perfect for applications that need
fast calculation or instant feedback. This dataset is well visualised by a line or bar chart, which
highlights the benefits of FPGA for applications requiring speed as well as ARM's balanced
performance for activities requiring less time.

Task A (Classification), Task B (Object Detection) and Task C
(Image Processing)
B etk A(Cussificabon) [ Tesk D (Otgect Detaction) Task C (mage Processing)

400
300

200

II il =l

Flattorm

Fig. 4. Column Chart showing Analysis of Execution Time

Machine learning applications' responsiveness is significantly impacted by execution time,
particularly in real-time situations. This dataset shows how long it takes for each platform to
do tasks related to image processing, object detection, and classification. FPGA is ideal for
time-sensitive applications since it continuously operates with the quickest execution speeds
(80-140 milliseconds). With execution speeds of 100-160 ms, ARM provides better
performance than AVR. The longest periods (250—400 ms) are shown by AVR, which may
affect applications that need fast responses. The speed benefits of FPGA are highlighted when
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this data is shown on a bar or line chart, establishing it as the best option for high-performance
machine learning workloads. With the help of this study, developers may match platform
selections to performance requirements, choosing FPGA for applications where speed is
essential and ARM or AVR for those where processing time is less important. Instead, they
can concentrate on other factors like cost or power efficiency.

Source: Benchmark data from peer-reviewed publications in sources like IEEE Xplore and
ACM Digital Library offers insights into execution time for machine learning applications
on AVR, ARM, and FPGA. Journals such as IEEE Transactions on Computers and Elsevier’s
Journal of Systems Architecture include studies with execution time comparisons for various
embedded platforms, particularly in tasks relevant to loT and smart systems[16][17].

4.3 Memory Throughput Analysis:

Memory throughput, expressed in megabytes per second (MBps), is the speed at which each
platform can access and process data stored in memory. Platforms can manage more data-
intensive applications, including object identification and deep learning, more effectively with
higher memory throughput. This dataset demonstrates the distinct benefit of FPGA over ARM
and AVR in processing massive data streams. Applications that handle continuous data or need
frequent memory access should pay particular attention to high memory throughput. A line or
bar chart illustrating this dataset would illustrate both ARM's suitability for modest data loads
and FPGA's ability to handle data-intensive activities.

Task A (Classification), Task B (Object Detection) and Task C
(Image Processing)

B Task A (Chsaficaton) [ Task B (Obfect Detaction) Task C (maga Frecesang)
100

ik

50

) Il_
D)

AVR ARM FPGA
Flatfarm

Fig. 5. Column Chart showing Analysis of Memory Throughput

Understanding a platform’s ability to handle data depends on its memory throughput, which is
particularly critical for memory-intensive machine learning workloads. According to this
dataset, FPGA has the maximum throughput (70-90 MBps), indicating that it is most
appropriate for effectively managing massive datasets and high-dimensional data. With a
modest throughput (50-60 MBps), ARM comes next, which is sufficient for machine learning
applications that don't need to handle large amounts of data. The fact that AVR has the lowest
throughput (3040 MBps) suggests that it would have trouble with complicated or data-
intensive operations. The higher data processing capability of FPGA is shown by displaying
this data in a line or bar chart, highlighting its appropriateness for activities requiring a lot of
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memory. Based on the amount and complexity of data needed by the application, this study
helps developers choose the best system by revealing how well each platform can handle
machine learning algorithms.

Source: Databases like MLPerf and EEMBC (Embedded Microprocessor Benchmark
Consortium) provide memory throughput benchmarks for machine learning applications.
MLCommons is also relevant here, as it includes datasets on machine learning memory
utilization across different hardware configurations, ideal for comparing embedded platforms
used in 10T scenarios[18][19].

V. CONCLUSION

The optimisation of machine learning applications on AVR, ARM, and FPGA platforms is
compared in this research, which directly relates to the changing demands of the Internet of
Things in developing reliable, effective, and responsive smart systems, especially in smart city
and smart industrial settings. Platforms that can handle a broad range of jobs, from low-power
sensor data processing to high-performance tasks like real-time analytics and predictive
maintenance, are necessary for Internet of Things applications. Knowing the distinct
performance characteristics of AVR, ARM, and FPGA allows us to match the advantages of
each platform to certain 10T needs.

For example, ARM's balanced performance and power efficiency make it perfect for edge
devices in Internet of Things applications like wearable health devices or environmental
monitoring, where a constant, modest amount of processing power is required without using a
lot of energy. FPGAs are ideal for real-time analytics in smart systems, such traffic monitoring
or predictive maintenance in manufacturing 10T setups, because of their fast processing speed
and capacity to parallelise calculations. Last but not least, AVR microcontrollers provide low-
cost, low-power processing options for more straightforward I0T nodes that need just the most
basic data processing skills, including remote sensors and actuators.

This research provides insights into the choice of platforms for different 10T jobs, allowing for
more effective, customised deployments across smart systems or for the smart city applications
that uses machine learning to provide insights and actions based on data.
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