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Abstract: Computer Vision (CV) has become increasingly important for Single-Board Computers
(SBCs) due to their widespread deployment in addressing real-world problems. Specifically, in
the context of smart cities, there is an emerging trend of developing end-to-end video analytics
solutions designed to address urban challenges such as traffic management, disaster response, and
waste management. However, deploying CV solutions on SBCs presents several pressing challenges
(e.g., limited computation power, inefficient energy management, and real-time processing needs)
hindering their use at scale. Graphical Processing Units (GPUs) and software-level developments
have emerged recently in addressing these challenges to enable the elevated performance of SBCs;
however, it is still an active area of research. There is a gap in the literature for a comprehensive
review of such recent and rapidly evolving advancements on both software and hardware fronts.
The presented review provides a detailed overview of the existing GPU-accelerated edge-computing
SBCs and software advancements including algorithm optimization techniques, packages, develop-
ment frameworks, and hardware deployment specific packages. This review provides a subjective
comparative analysis based on critical factors to help applied Artificial Intelligence (AI) researchers in
demonstrating the existing state of the art and selecting the best suited combinations for their specific
use-case. At the end, the paper also discusses potential limitations of the existing SBCs and highlights
the future research directions in this domain.

Keywords: computer vision (CV); edge computing; Internet of things (IoT); graphical processing unit
(GPU); single-board computers (SBCs); smart cities

1. Introduction

Computer Vision (CV), the interdisciplinary field that enables machines to extract
information from visual data, has witnessed significant advancements in recent years [1–3].
The availability of high-resolution cameras, coupled with the exponential growth in com-
putational power, has opened up new opportunities for developing CV solutions across a
wide range of domains [4–6]. From object detection and recognition to image segmentation
and scene understanding, CV plays an important role in enabling machines to perceive
and interpret visual information. Considering smart cities as a use case, CV has been used
to address the urban challenges such as traffic management [7], waste management [8],
transport safety, [9] and flood management [10]. However, the increasing complexity and
scale of modern CV applications pose challenges in terms of computational resources and
latency [11,12]. Traditional centralized computing approaches, where data is processed
in the cloud or remote servers, struggle to meet the stringent real-time requirements of
many CV applications. The reliance on cloud-based processing introduces inherent limita-
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tions such as network latency, bandwidth constraints, and potential privacy and security
concerns [13,14].

To overcome these limitations, edge computing has emerged as a promising paradigm
for deploying CV applications. Edge computing brings the processing capabilities closer
to the data source, enabling real-time analysis and decision making at the edge of the
network [15,16]. By leveraging local processing power, edge computing reduces the reliance
on the cloud, mitigates latency issues, and improves the overall system performance. In
addition, it improves on data privacy, since no real data is being stored or transmitted,
rather only the post-algorithmic analysis is being communicated, making it a suitable
option for problems involving ethics [16].

Graphical Processing Units (GPUs) have played a significant role in advancing the
field of CV, particularly in deep learning-based approaches [17,18]. GPUs are highly parallel
processors designed for rendering graphics, but their architecture and computational power
have made them indispensable for accelerating a wide range of compute-intensive tasks,
including CV algorithms. The parallel nature of GPUs allows for the efficient execution of
matrix operations and Convolutional Neural Networks (CNNs), which are fundamental
to many CV tasks [18]. In recent years, GPUs have seen remarkable advancements in
both hardware and software, enabling their seamless integration into edge-computing
environments and Single-Board Computers (SBCs) [19,20]. Hardware improvements in-
clude enhanced GPU architectures with increased parallelism, higher memory capacity,
and improved power efficiency, making them compatible with the resource-constrained
SBCs commonly used in various edge-computing applications. These advancements have
enabled GPUs to handle more complex and sophisticated CV algorithms in real time to
address real-world problems, making them a preferred choice for edge devices with lim-
ited resources. On the software front, various frameworks and libraries have emerged
to harness the power of GPUs for accelerating CV tasks. NVIDIA’s Compute Unified
Device Architecture (CUDA) framework has become a widely adopted solution, providing
a programming model and runtime system for GPU-accelerated computing [21].

The integration of GPUs with edge computing opens up new possibilities for real-time
CV applications. The ability to process visual data locally on edge devices, such as cameras,
drones, or autonomous vehicles, enables timely decision making and reduced dependence
on cloud infrastructure. Furthermore, it enables privacy-sensitive applications where sensi-
tive data can be processed locally, minimizing the need for data transmission to external
servers. However, there are challenges associated with GPU-accelerated edge computing
for CV. One key challenge is the effective utilization of limited computational resources
on edge devices, considering the trade-off between model complexity and hardware con-
straints. Another challenge lies in balancing the computational workload between the edge
device and the cloud, taking into account factors such as network bandwidth, latency, and
cost. Additionally, the integration of other sensor technologies, such as Light Detection
and Ranging (LiDAR) or depth cameras, with GPU-accelerated edge computing presents
further opportunities and challenges for real-time perception tasks. There exists a gap in
the literature to comprehensively discuss the existing hardware and software platforms for
GPU-accelerated CV development on SBCs.

This review paper aims to provide a detailed overview of the recent hardware and
software advances in GPU-accelerated edge-computing SBCs for CV. By examining the
latest developments in GPU-based hardware, software frameworks, software packages,
existing limitations, and future opportunities, this review seeks to help readers in better
understanding the technological advancements in this domain over the years and be
informed about the challenges. Furthermore, it provides a subjective comparative analysis
of the technologies and cross-platform mapping to help the reader decide on the selection
of technologies corresponding to a specific category of SBCs for a custom use case.
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2. Review Taxonomy

This review is one of its kind and different from conventional reviews where the
focus is more towards purely research-based advancements. This review is aimed more
towards highlighting the advancements in the applied Artificial Intelligence (AI) domain,
specifically for GPU-accelerated hardware and software advancements in deploying CV
based/video analytics solutions on SBCs for onboard real-time processing. This makes the
scope of this review very specific, only limited to the edge-computing deployment of CV
solutions. Further, this review is aimed to enlighten readers about the clear understanding
about how the different technologies in this context have evolved and what is the current
state of the art. It is also important for an applied AI scientist to know the existing challenges
and limitations of the relevant technologies. At the end, future research directions are also
highlighted. This review is structured as follows: first, a detailed description of how GPU-
accelerated hardware evolved over the years and categorizing the hardware based on the
leading manufacturers. A comparative table is also provided. In addition, the existing SBCs
are mapped against the fundamental CV tasks based on the technical specifications and
requirements of the CV task. The next section discusses software developments including
what packages have been used for development, what frameworks are being built on top of
fundamental packages, what tools/packages are specifically designed for edge-computing
or onboard deployment, and what different model optimization techniques are used for
deployment onboard. At the end, the challenges and limitations are highlighted along with
future research directions.

3. Advances in GPU-Accelerated Hardware

Given the advancements in electronics technology and on the affordable commercial
rates, the demand of SBCs increased over the years. There are three main manufacturers
of GPU-accelerated SBCs: NVIDIA (Santa Clara, CA, USA), ASUS (Beitou District, Taipei,
Taiwan), and Libre (Hua District, Shenzhen, China), each having a range of edge computers
based on the utilities and price range. NVIDIA is leading with the highest number of GPU-
accelerated products to facilitate entry-level and high-performance processing applications,
suitable for all. This section presents the details of the most common and emerging SBCs
available in the market and also provides a comparative analysis.

3.1. ASUS Tinker Boards

ASUS has developed a range of GPU-accelerated SBCs in the recent past to meet the
computing needs of various professionals. The series includes the Tinker Edge T (released
in 2019); the Tinker Board 2 (released in 2020); the Tinker Board S (released in 2021); and
the latest Tinker Board 3 N (released in 2023). The Tinker Board S features a quad-core
Advanced RISC Machine (ARM)-based Central Processing Unit (CPU) (Rockchip RK3288-
CG W), paired with an ARM Mali-T764 GPU. This setup is suitable for media playback, CV
tasks, image processing, and light gaming. Conversely, the Tinker Edge T is equipped with
an NXP i.MX 8 M quad-core ARM-based CPU and ARM Mali-T860 GPU, enhanced by the
integration of a Google Edge Tensor Processing Unit (TPU), making it adept at Machine
Learning (ML) inference tasks. The Tinker Board 2 is equipped with a hexa-core Rockchip
RK3399 CPU utilizing ARM’s 64-bit ARMv8 architecture and an ARM Mali-T860 GPU. This
combination offers improved computational performance, suitable for more demanding
tasks. Lastly, the Tinker Board 3 N features a quad-core Rockchip RK3568 CPU and an ARM
Mali G52 GPU, providing enhanced computational and graphics rendering capabilities.

In terms of memory and storage, the Tinker Board S includes 2 GB of Random Access
Memory (RAM) and a built-in 16 GB embedded Multi-Media Card (eMMC) module, with
an option to expand via a Micro Secure Digital (microSD) card. The Tinker Edge T, although
slightly lower in RAM with 1 GB of Low-Power Double Data Rate (LPDDR)v4, includes
8 GB of eMMC storage and also supports microSD expansion. The Tinker Board 2 matches
the Tinker Board S with 2 GB of LPDDR4 RAM and adds a 16 GB eMMC module. The
Tinker Board 3 N stands out with 4 GB of LPDDR4 RAM and 64 GB of built-in eMMC
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storage, ensuring enough memory and storage capacity for more complex applications. In
terms of Input/Output (I/O) connectivity, the Tinker Board S features a 40-pin General-
Purpose Input/Output (GPIO) interface, Display Serial Interface (DSI), Camera Serial
Interface (CSI), High-Definition Multimedia Interface (HDMI) output, and Universal Serial
Bus (USB) Type-A ports. The Tinker Edge T offers in addition USB Type-C, Gigabit Local
Area Network (LAN), Wi-Fi, and Bluetooth. The Tinker Board 2 includes HDMI, DSI,
USB Type-C, CSI, 40-pin standard connector, USB Type-A, Wi-Fi, and Bluetooth support,
enhancing its versatility. The Tinker Board 3 N provides HDMI, USB Type-C, USB Type-A,
Wi-Fi, and Bluetooth, ensuring robust connectivity for modern applications.

In terms of form factor, the Tinker Board S and Tinker Board 2 both measure approxi-
mately 3.37′′ × 2.125′′ and weigh 55 g, making them compact and portable. The Tinker Edge
T is slightly larger at 3.35′′ × 2.20′′ but maintains the same weight. The Tinker Board 3 N,
although the heaviest at 60 g, has a slightly larger footprint at 4′′ × 4′′. Power consumption
varies across the boards: the Tinker Board S consumes around 5 W, the Tinker Edge T ranges
from 5 W to 10 W, the Tinker Board 2 is between 5 W to 10 W, and the Tinker Board 3 N has
a higher consumption of 10 W to 15 W. The pricing of these boards reflects their capabilities
and target audiences. The Tinker Board S is available at USD 199 [22], positioning it as
an affordable option for developers needing a versatile SBC. The Tinker Edge T, priced at
USD 240 [23], targets developers requiring robust ML capabilities despite its higher cost.
The Tinker Board 2 offers a good balance of performance and affordability at USD 120 [24],
suitable for IoT projects. The Tinker Board 3 N, priced at USD 160 [25], provides a powerful
solution for low-end computing tasks with ample storage and connectivity options.

In summary, the Tinker Board S, with its decent GPU, is attractive for general media
tasks and light graphical processing but struggles with heavy multitasking due to its
limited RAM and passive cooling. In the literature, this board is reported to be used
for COCO detection [26], face detection [27], and face with mask classification [28] tasks.
The Tinker Edge T excels in ML tasks with its Google Edge TPU but is less suited for
heavy multitasking or real-time applications due to its low RAM and basic GPU. The
literature reports the use of Tinker Edge T for pest classification [29] using a ResNet8 model.
The Tinker Board 2 offers enhanced performance with its hexa-core CPU but also faces
challenges with demanding applications due to its limited RAM and passive cooling. The
Tinker Board 3 N stands out with its powerful CPU and substantial storage, making it a
versatile choice for various applications, though its higher power consumption and passive
cooling may limit its suitability for low-power or sustained high-load tasks.

3.2. NVIDIA Jetson Boards

NVIDIA is one of the leading manufacturers of the GPU-accelerated SBCs and intro-
duced cutting-edge technologies for meeting the computational needs of the latest deep
learning models. Over the years, NVIDIA has introduced a range of SBCs including Jetson
Nano (released in 2019), Jetson TX2 (released in 2017), Jetson Xavier NX (released in 2020),
Jetson AGX Orin (released in 2023), and Jetson Orin Nano (released in 2023). The GPUs on
these boards are designed to handle various levels of AI workloads. The Jetson AGX Orin
features an Ampere architecture GPU with 2048 CUDA cores and 64 Tensor cores, offering
top-tier performance. The Jetson Xavier NX uses a Volta architecture GPU with 348 CUDA
cores and 48 Tensor cores. The Jetson TX2 is equipped with a Pascal architecture GPU with
256 CUDA cores, and the Jetson Nano uses a Maxwell architecture GPU with 128 cores.
The Jetson Orin Nano, although an entry-level board, features an Ampere architecture GPU
with 1024 CUDA cores and 32 Tensor cores, providing significant performance for being an
entry-level board. In terms of CPUs, the Jetson AGX Orin is powered by a 12-core ARM
Cortex-A78AE v8.2 64-bit CPU, while the Jetson Xavier NX features a hexa-core NVIDIA
Carmel ARM v8.2 64-bit CPU. The Jetson TX2 has a dual-core Denver 2 64-bit CPU paired
with a quad-core ARM Cortex-A57 MPCore. The Jetson Nano and Jetson Orin Nano both
have quad-core ARM Cortex-A78AE v8.2 64-bit CPUs, making them efficient for their
targeted applications.
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In terms of compute power, the Jetson AGX Orin stands out as the most powerful,
delivering up to 275 TOPS of AI performance. Following closely is the Jetson Xavier NX,
capable of 21 TOPS, making it suitable for high-performance edge-computing solutions.
The Jetson Nano and Jetson Orin Nano are more modest, designed for entry-level AI
applications, while the Jetson TX2, with its AI computing capability, serves as a mid-range
option. Memory capacity is another differentiator among these boards. The Jetson AGX
Orin leads with 64 GB of LPDDR5 RAM, followed by the Jetson Xavier NX and Jetson TX2,
each with 8 GB of RAM. The Jetson Nano and Jetson Orin Nano both come with 4 GB of
LPDDR4 RAM. Storage options include built-in eMMC modules, ranging from 16 GB in
the Jetson Nano to 64 GB in the Jetson AGX Orin. Additional storage can be expanded
via microSD slots, especially useful for entry-level boards like the Jetson Nano and Jetson
Orin Nano.

Connectivity options across the Jetson boards are robust. Common features include
HDMI outputs, USB Type-A and Type-C ports, and various interfaces such as CSI, GPIO,
and PCIe. The Jetson AGX Orin, with its extensive I/O connectivity including PCIe Gen4,
Gigabit Ethernet, DisplayPort, and a 40-pin header, provides the most comprehensive
connectivity options. The Jetson Xavier NX and Jetson TX2 also offer versatile connectivity,
supporting Ethernet, Wi-Fi, Bluetooth, and multiple camera interfaces. Form factor and
power consumption are crucial considerations for different applications. The Jetson Nano
and Jetson Xavier NX are compact and lightweight, making them suitable for portable
projects. The Jetson AGX Orin, although powerful, is larger and heavier, with dimensions
of 4.33′′ × 4.33′′. The Jetson Nano and Jetson Xavier NX, on the other hand, are the most
compact in the line up with dimensions of 2.72′′ × 1.77′′ and 2.74′′ × 1.77′′, respectively.

Power consumption varies significantly across different boards based on the compute
resource and GPU technology. The Jetson Nano ranges between 5 W and 10 W, the Jetson
TX2 averages around 15 W, the Jetson Xavier NX ranges from 10 W to 30 W, and the
Jetson AGX Orin operates between 15 W and 60 W. The Jetson Orin Nano, balancing
performance and efficiency, consumes between 7 W and 15 W. In terms of pricing, the
Jetson Nano, priced at USD 249 [30], is an affordable option for educational and entry-level
AI tasks. The Jetson TX2, at USD 810 [31], targets mid-range applications requiring higher
performance. The Jetson Xavier NX, priced at USD 530 [32], offers a balance of cost and
performance for high-performance edge-computing solutions. The Jetson AGX Orin, at
USD 3000 [33], represents a significant investment for top-tier AI development capabilities.
The Jetson Orin Nano, at USD 800 [34], provides a moderate option for medium-level
computing applications.

In summary, the Jetson Nano is ideal for entry-level tasks but struggles with intensive
workloads due to its lower compute power and memory. Furthermore, the passive cooling
can become inadequate during intensive workloads, affecting sustained performance. In the
literature, the Jetson Nano is reported to be used for pedestrian detection [35–37], ImageNet
classification [38], MNIST classification [39], ship detection [40], face mask detection [41],
DeepFashion2 classification [42], COCO detection [43], landing platform identification [44],
person/weapon detection [45], plastic bag detection [8], and ripe coffee bean bunch
detection [46]. The Jetson TX2 offers high performance but is less suitable for budget-sensitive
projects. It supports active cooling using a fan making it suitable for long-term real-time tasks,
however, at the expense of additional power consumption. The literature reports the use of
TX2 for PASCAL VOC detection [47], COCO detection [26], DeepFashion2 classification [42],
drone detection [48], vehicle detection [49], pedestrian detection [50], person detection [51],
plastic bag detection [8], weed segmentation [52], fruit pest detection [53], and concrete crack
detection [54]. The Jetson Xavier NX provides a good balance of cost and performance,
though it requires effective cooling. Its moderate power consumption limits its use in battery-
operated applications. Some examples of literature using NX include banana ripeness detec-
tion [55], face mask detection [56], COCO detection [43,57], vehicle detection [58], pedestrian
detection [43,58], fire detection [59], and depth estimation [60]. The Jetson AGX Orin is a pow-
erhouse for intensive AI workloads but is expensive and power hungry. It comes with active
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cooling through the fan, making it suitable for resource exhaustive real-time tasks. A few of
the use-case applications where ORIN AGX is used include tomato disease classification [61],
COCO detection [62], ground vehicle detection [63], surgical instrument detection [64], and
vehicle detection [65]. The Jetson Orin Nano offers a balanced performance at a mid-range
price, though its power consumption and cooling needs may limit its use in energy-sensitive
applications. Some example use cases reported in the literature where the Jetson ORIN Nano
is deployed include tomato disease classification [61] and vehicle detection [65].

3.3. Libre Boards

Libre is another leading competitor in developing low-cost SBCs for entry-level AI ap-
plications. A few common SBCs from the Libre series include the Libre Tritium (released in
2018); Libre Le Potato (released in 2017); and the Libre Renegade (released in 2018). In terms
of computing power and CPU, the Libre Tritium is geared toward entry-level applications,
featuring a maximum 64-core CPU designed for basic computing tasks. Despite its modest
processing power, it can handle simple AI computations with its integrated hex-core 3D
GPU. The Le Potato, Libre Computer’s flagship product, boasts a 64-bit quad-core ARM
Cortex-A53 CPU, providing more robust performance for entry-level tasks. The Renegade
also features a quad-core ARM Cortex-A53 CPU, offering a balance of processing power
suitable for a range of applications. In terms of GPU capabilities, the Libre Tritium is
equipped with a hex-core 3D integrated GPU, enabling support for basic AI computations.
Le Potato uses an ARM Mali-450 penta-core GPU, which, while modest, enhances its ability
to handle graphical tasks. The Renegade also features an ARM Mali-450 GPU, offering
similar graphical capabilities to Le Potato, but with added support for 4 K HDR, making it
suitable for more demanding graphical applications.

Memory and storage options vary across the Libre boards. The Tritium comes with
2 GB of DDR3 RAM and supports external storage via a microSD card slot. Similarly, Le
Potato includes 2 GB of DDR3 RAM and an optional microSD card slot for storage needs.
The Renegade, however, stands out with its 4 GB of DDR4 RAM, providing enhanced
memory capacity for more demanding applications. It also supports external storage via a
microSD card slot, ensuring flexibility in storage expansion. In terms of I/O connectivity
options, the Tritium offers versatile I/O integration with features such as a DVP parallel
camera interface, fast Ethernet connectivity, 4 K HDMI, and USB Type-A ports. Le Potato
includes standard I/O features like USB Type-A ports, fast Ethernet, TRRS CVBS/AV Jack,
and HDMI, supporting both Linux- and Android-based systems. The Renegade provides
extensive connectivity options, including USB Type-A (v2.0, v3.0), Gigabit Ethernet, TRRS
CVBS/AV Jack, HDMI with 4 K HDR support, a 40-pin low-speed header, and various
other headers for I2 S, PWM, I2C, UART, SPI, SPDIF, and ADC, making it highly versatile
for various peripherals and networks.

The form factor of all three boards is compact, with dimensions measuring approx-
imately 3.34′′ × 2.20′′, making them suitable for a variety of applications where space is
a constraint. Power consumption is also a critical factor, with the Tritium and Le Potato
consuming around 5 W on average, making them energy-efficient options for basic tasks.
The Renegade, with its more extensive connectivity and higher performance, has a power
consumption range of 5 W to 10 W. In terms of pricing, the Libre Tritium is priced at an
affordable USD 35 [66], making it an attractive option for basic applications and educational
purposes. Le Potato is similarly affordable at USD 30 [67], offering a low-cost solution
compatible with Raspberry Pi accessories, making it an easy replacement or upgrade for
Pi users. The Renegade, priced at USD 45 [68], provides a cost-effective solution for more
demanding tasks, with extensive connectivity options.

In summary, the Tritium, with its low cost and basic I/O options, is ideal for educa-
tional purposes and simple tasks but lacks robust performance and AI/ML framework
support. Le Potato, while affordable and compatible with Raspberry Pi accessories, is
limited in performance and support for advanced frameworks, restricting it to light, non-
intensive use. The Renegade, with its better connectivity and higher memory, offers a
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versatile solution but struggles under heavy loads due to its basic passive cooling and
limited development ecosystem.

3.4. Other Boards

Apart from the above-mentioned boards from three main manufacturers, there are a
few other GPU-accelerated SBCs in the market including VisionFive 2 (released in 2021),
ROCK PI N10 (released in 2021), BeagleBone AI (released in 2019), HiKey970 (released in
2017), Coral Dev (released in 2019), and Coral Dev Mini (released in 2020). In terms of CPU
capabilities, the VisionFive 2 features a StarFive JH7110 64-bit CPU, which, although not the
most powerful, provides sufficient performance for general applications. The ROCK PI N10
features Rockchip RK3399Pro, combining a dual-core Cortex-A72 with a quad-core Cortex-
A53 and ARM Mali T860MP4 GPU, delivering up to 3.0 TOPs of computing power. The
BeagleBone AI features a Texas Instruments Sitara AM5729 SoC with dual ARM Cortex-A15
microprocessors, dual ARM Cortex-M4 co-processors, and additional DSPs and Embedded
Vision Engines for enhanced performance. The HiKey970 boasts a HiSilicon Kirin 970 SoC
with a dedicated Neural Processing Unit (NPU) and a combination of Cortex-A73 and
Cortex-A53 CPUs for robust processing power. The Coral Dev Boards feature quad-core
Cortex-A CPUs designed for AI applications, with the Dev Board utilizing a Cortex-A53
and Cortex-M4F, and the Mini using a Cortex-A35.

In terms of GPU, The VisionFive 2 includes an integrated BXE-4-32 GPU from Imagi-
nation Technologies, offering basic graphical performance. The ROCK PI N10’s ARM Mali
T860MP4 GPU supports significant AI computing tasks with its high TOPs rating. The
BeagleBone AI incorporates a dual-core PowerVR SGX544 3D GPU, suitable for advanced
graphics and AI tasks. The HiKey970 features an ARM Mali-G72 MP12 GPU, facilitating
enhanced graphics performance and AI capabilities. The Coral Dev Board and Dev Board
Mini come with integrated GC7000 Lite and IMG PowerVR GE8300 GPUs, respectively,
both optimized for AI inferencing tasks. In terms of memory, the VisionFive 2 comes with
8 GB LPDDR4 RAM and supports storage via a microSD card slot. The ROCK PI N10
offers 4 GB LPDDR3 RAM, with storage options including eMMC 5.1 and microSD. The
BeagleBone AI includes 1 GB of RAM and 16 GB of eMMC onboard flash. The HiKey970
stands out with 6 GB of LPDDR4 X RAM and 64 GB of UFS 2.1 storage. The Coral Dev
Board features 4 GB of LPDDR4 RAM and 8 GB of eMMC storage, while the Mini version
offers 2 GB LPDDR3 RAM and 8 GB eMMC flash memory.

The VisionFive 2 provides a range of connectivity options including an M.2 connector,
eMMC socket, Gigabit Ethernet, 40-pin GPIO, RJ45 Ethernet connector, and USB Type-A
(v3.0, v2.0). The ROCK PI N10 includes USB Type-A (v3.0, v2.0), LAN, UART, SPI bus, I2C
bus, PCM/I2S, SPDIF, PWM, ADC, and GPIO. The BeagleBone AI features USB Type-C,
USB Type-A, Gigabit Ethernet, and 2.4/5 GHz Wi-Fi with Bluetooth. The HiKey970 offers
Bluetooth, Wi-Fi, GPS, HDMI, MIPI/LCD port, MIPI port, a 40-pin low-speed expansion
connector, and a 60-pin high-speed expansion connector. The Coral Dev Board includes
Wi-Fi, Bluetooth, USB Type-C, USB Type-A (v3.0), Micro-B serial console, Gigabit Ethernet,
HDMI, MIPI-DSI display connector, and MIPI-CSI2 camera connector. The Mini version
offers similar connectivity with a focus on compactness. In terms of form factor and
power consumption, The VisionFive 2 measures 3.93′′ × 2.83′′ and consumes around 10 W.
The ROCK PI N10 has dimensions of 3.93′′ × 3.93′′ and a power consumption between
15–18 W. The BeagleBone AI measures 3.50′′ × 2.12′′ and consumes between 5–10 W. The
HiKey970 is larger at 4.14′′ × 3.93′′ with a power consumption of 10–15 W. The Coral Dev
Board measures 5.40′′ × 3.90′′ with a power consumption of around 5 W, while the Mini
version is more compact at 2.52′′ × 1.89′′ with a power consumption of approximately 3
W. In regard to price, The VisionFive 2 is priced at USD 65 [69], offering a cost-effective
solution for entry-level computing applications. The ROCK PI N10, at USD 199 [70], targets
industrial AI applications with its high computing power. The BeagleBone AI, priced at
USD 198 [71], is suitable for applications requiring enhanced computing capabilities. The
HiKey970, available for USD 239, caters to developers seeking advanced AI capabilities.
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The Coral Dev Board, at USD 200, and the Mini version at USD 100, are designed for AI
development and deployment, with the Mini focusing on affordability and compactness.

In summary, the VisionFive 2 is reasonably priced and offers decent performance
for general applications but has limited mainstream support and can struggle with high-
performance tasks due to basic passive cooling. In a technical blog post, VisionFive 2 is
reported to be used for universal object detection [72]. The ROCK PI N10 provides robust
performance for AI tasks but has high power consumption and cooling requirements,
making it less suitable for energy-efficient applications. The BeagleBone AI offers high
performance and extensive I/O, making it suitable for industrial applications, though its
high power consumption and cooling needs limit its use in portable or low-power projects.
In the literature, it is reported for the use of the MNIST classification task [73]. The HiKey970
excels in AI capabilities with its dedicated NPU but has limited development support and
passive cooling, making it less versatile overall. Some example uses of HiKey970 reported
in the literature include the PASCAL VOC detection [47] and MNIST classification [39].
The Coral Dev Board and Mini version are designed for fast ML inferencing with extensive
I/O options, but their passive cooling might need enhancement for heavy tasks, and
their development ecosystems are not as extensive as NVIDIA’s, limiting their versatility
for certain applications. However, the optimized versions of models on the Coral Dev
board reported enhanced performance. The literature reports the use of the Coral Dev
Board for ImageNet classification [38], eye optical disc segmentation [74], tomato disease
classification [61], people detection [45,75], and weapon detection [45] tasks.

3.5. Comparative Analysis

The evolution of GPU technology has seen remarkable advancements through various
architectural generations, leading to increased performance, improved efficiency, and
greater specialization (see Table 1). Starting with early-generation architectures like Mali
T764 and Mali T860, there was significant progress with mid-range architectures such as
Mali G72 and Adreno 630, which enhanced graphics capabilities for a variety of devices.
At the same time, high-end architectures like Maxwell GPU, Volta GPU, Pascal GPU,
and Ampere GPU marked a significant shift towards exceptional computational power,
featuring specialized components like Tensor cores and ray tracing capabilities.

In the realm of processing units, early examples like the ARM Cortex-A7 and ARM
Cortex-A53 were designed for power efficiency and affordability, suitable for entry-level
devices. As technology advanced, mid-range architectures such as NXP i.MX 8M and
Rockchip RK3288-CG W emerged, offering improved processing power and architectural
enhancements for more demanding applications. More recently, modern architectures like
Rockchip RK3399, Rockchip RK3568, and ARM Cortex-A78AE have brought a new level of
computational performance, characterized by higher performance metrics, sophisticated
design, and support for emerging fields like AI and ML.

In summary, it can be reported that NVIDIA is the leading SBC manufacturer with
dedicated/advanced GPU technology specifically to cater to the latest deep learning-based
real-time solutions. They have introduced a range of product lines in terms of capabil-
ities from Nano to Xavier NX to Orin AGX which covers low-end, intermediate-level,
and high-level computational tasks for real-time deployment. However, the NVIDIA
computers are very expensive and out of reach of students, other than their Nano model
which is also becoming obsolete with the announcement of the Orin Nano (see Figure 1).
On the other hand, for lower-end non-real-time CV tasks, ASUS Tinker Boards are an
alternate option with relatively advanced architectures in comparison to others with rea-
sonable pricing. All other boards are a bit outdated, and hardly available online for
purchase (i.e., these were introduced in the market but could not compete) and only
valid for lower-end applications. However, having said that, all the above remarks are
subjective based on the limited information available. To confirm that a detailed bench-
marking of existing hardware options needs to be performed for a standard task to bet-
ter understand the possible utility of each item of hardware and where those can be
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used. At the end, Table 2 presents a summary of the application use cases reported
in the literature where SBCs are deployed to address a CV task. This table compares
the use cases in terms of CV tasks, the purpose of the use case, model, packages, and
inference performance.
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- Early Generation Architectures: Mali400, Mali450, Mali T764, Mali T860, PowerVR SGX544

- Intermediate Generation Architectures: MaliG72, Adreno630, PowerVR GE8300, GC7000 Lite Graphics, BX3-4-32

- Modern Generation Architectures: Maxwell, Volta,  Pascal, Ampere

Jetson TX2
Jetson ORIN Nano

Jetson ORIN AGX

Jetson Xavier NX

Jetson Nano

HiKey 970

Vision Five 2

Google Coral Dev

Google Coral Dev Mini
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>$500
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Figure 1. Cost and technology evolution analysis of existing GPU-accelerated Single-Board Comput-
ers (SBCs).

3.6. Mapping of Fundamental Computer Vision (CV) Tasks to SBCs

This section aims to align fundamental CV tasks with SBCs based on their compu-
tational capabilities. To achieve this, four distinct levels of CV tasks have been defined:
entry-level, moderate-performance, high-performance, and very-high-performance tasks.
These categorizations are founded upon considerations such as model complexity, visual
task complexity, real-time processing demands, and related factors. Subsequently, cor-
responding to the hardware prerequisites for each category of task, suitable SBCs are
recommended (see Table 3 for detailed comparison). This compilation serves as an infor-
mative resource to assist stakeholders in selecting appropriate hardware tailored to their
specific application scenarios. It should be noted that the task classification presented
herein is subjective and intended solely as a reference point for guiding decision making
within the community.
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Table 1. Comparison of existing GPU-accelerated Single-Board Computers (SBCs).

Name Release Year CPU Technology GPU Technology RAM Storage Avg Power
Consumption

Dimensions
(inch) Price (USD)

ASUS

Tinker Board S 2021 Rockchip RK3288 ARM Mali-T764 2 GB DDR3 16 GB eMMC ≈5 W 3.37′′ × 2.125′′ USD 199
Tinker Edge T 2019 NXP i.MX 8M ARM Mali-T860 1 GB LRDDR4 8 GB eMMC ≈5–10 W 3.35′′ × 2.20′′ USD 240
Tinker Board 2 2020 Rockchip RK3399 ARM Mali-T860 2 GB LPDDR4 16 GB eMMC ≈5–10 W 3.37′′ × 2.12′′ USD 120
Tinker Board 3 N 2023 Rockchip RK3568 ARM Mali G52 4 GB LPDDR4 64 GB eMMC ≈5–10 W 4′′ × 4′′ USD 160

NVIDIA

Jetson Nano 2019 ARM Cortex-A57 128-core Maxwell 4 GB LPDDR4 External microSD ≈5–10 W 2.72′′ × 1.77′′ USD 249
Jetson TX2 2017 ARM Cortex-A57 256-core Pascal 8 GB LPDDR4 32 GB eMMC ≈15 W 3.42′′ × 1.96′′ USD 810
Jetson Xavier NX 2020 6-core Carmel 384-core Volta 1 8 GB LPDDR4 16 GB eMMC ≈10–30 W 2.74′′ × 1.77′′ USD 530
Jetson AGX Orin 2023 ARM Cortex-A78AE 2048-core Ampere 2 32 GB LPDDR5 64 GB eMMC ≈15–60 W 4.33′′ × 4.33′′ USD 3000
Jetson Orin Nano 2023 ARM Cortex-A78 AE 512-core Ampere 3 8 GB LPDDR5 External microSD ≈7–15 W 3.93′′ × 3.11′′ USD 800

Libre
Libre Tritium 2018 4 ARM Cortex-A7 ARM Mali-400 2 GB DDR3 External microSD ≈5 W 3.34′′ × 2.20′′ USD 35
Libre Le Potato 2017 4 ARM Cortex-A53 ARM Mali-450 2 GB DDR3 External microSD ≈5 W 3.34′′ × 2.20′′ USD 30
Libre Renegade 2018 4 ARM Cortex-A53 ARM Mali-450 4 GB DDR4 External microSD ≈5–10 W 3.34′′ × 2.20′′ USD 45

Others

VisionFive 2 2021 StarFive JH7110 BXE-4-32 8 GB LPDDR4 External microSD ≈10 W 3.93′′ × 2.83′′ USD 65
ROCK PI N10 2021 ARM Cortex-A72 ARM Mali T860MP4 4 GB DDR3 8 GB eMMC ≈15–18 W 3.93′′ × 3.93′′ USD 199
BeagleBone AI 2019 ARM Cortex-A15 PowerVR SGX544 1 GB 16 GB eMMC ≈5–10 W 3.50′′ × 2.12′′ USD 198
HiKey970 2017 ARM Cortex-A7 ARM Mali-G72 6 GB LPDDR4 64 GB UFS ≈10–15 W 4.14′′ × 3.93′′ USD 239
Coral Dev Board 2019 ARM Cortex-A53 GC7000 Lite Graphics 4 GB LPDDR4 8 GB eMMC ≈5 W 5.40′′ × 3.90′′ USD 200
Coral Dev Mini 2020 ARM Cortex-A35 PowerVR GE8300 2 GB LPDDR3 8 GB eMMC ≈3 W 2.52′′ × 1.89′′ USD 100

1: 48 Tensor cores; 2: 64 Tensor cores; 3: 12 Tensor cores.

Table 2. Summary of a few use cases reported in literature where GPU-accelerated Single-Board Computers (SBCs) are deployed.

SBC CV Task Purpose Model Packages Inference Performance Reference

Jetson Nano

Detection Pedestrian Detection YOLOv5s TensorRT 15 FPS Chen and Wang [35]
Classification ImageNet Classification MobileNetv2 TensorFlow, TensorRT, ONNX 0.020 s per image Baller et al. [38]
Classification Binary Classification MobileNetv3 PyTorch, ONNX, TensorRT 0.300 s per image Swaminathan et al. [76]
Detection Ship Detection YOLOv5 PyTorch with CUDA 4.86 FPS Valencia et al. [40]
Classification Multiclass Custom MobileNetv2 TensorRT 6 ms per image Rosero-Montalvo et al. [77]
Detection Face Mask Detection YOLOv4 Tiny PyTorch with CUDA 13 FPS Hakim et al. [41]
Detection Pedestrian Detection SSD PyTorch, TensorRT 8.7 FPS Sarvajcz et al. [36]
Classification DeepFashion2 Classification Custom CNN CUDA, CuDNN 6.4 ms per image Suzen et al. [42]
Detection COCO Detection YOLOv3 PyTorch with CUDA 0.786 ms per image Zhu et al. [43]
Detection Pedestrian Detection YOLOv4 PyTorch with CUDA 8 FPS Wang et al. [37]
Classification MNIST Classification DarkNet TensorFlow 0.217 ms per image Tolmacheva et al. [39]
Detection Landing Platform Identification YOLOv4 Tiny TensorRT 36.48 FPS Ma et al. [44]
Dual Detection Person and Weapon SSD, YOLOv4 FP16 with TensorRT 1.4 FPS Berardini et al. [45]



Sensors 2024, 24, 4830 11 of 34

Table 2. Cont.

SBC CV Task Purpose Model Packages Inference Performance Reference

Jetson Nano
Detection Plastic Bag Detection YOLOv4 Tiny TensortRT, FP32, DeepStream 16.4 FPS Iqbal et al. [8]
Detection Ripe Coffee Detection YOLOv3 TensorFlow 8180 ms per image Beegam et al. [46]

Jetson TX2

Detection PASCAL VOC Detection SSD PyTorch with CUDA Support 9.35 FPS Chen et al. [47]
Detection COCO Detection Custom CNN OpenCV, TensorFlow 0.130 s per image Taspinar and Selek [26]
Classification Multiclass Custom MobileNetv2 TensorRT 3.1 ms per image Rosero-Montalvo et al. [77]
Classification DeepFashion2 Classification Custom CNN CUDA, CuDNN 4.6 ms per image Suzen et al. [42]
Detection Drone Detection YOLOv3 PyTorch with CUDA <1 FPS Xun et al. [48]
Detection Vehicle Detection YOLOv3 Tiny TensorRT with FP16 18.3 FPS Nguyen et al. [49]
Detection Pedestrian Detection YOLOv3 PyTorch with CUDA 6.6 FPS Afifi et al. [50]
Detection Person Detection YOLOv8 PyTorch with CUDA 5.61 FPS Byzkrovnyi et al. [51]
Detection Plastic Bag Detection YOLOv4 Tiny TensortRT, FP32, DeepStream 24.8 FPS Iqbal et al. [8]
Segmentation Weed Segmentation SegNet Caffe, CUDA, cuDNN 0.56 s per image Sa et al. [52]
Detection Pest Detection YOLOv3 Tiny PyTorch with CUDA 8.71 FPS Chen et al. [53]
Detection Concrete Crack Detection YOLOv3 OpenCV, PyTorch, CUDA 33 ms per image Kumar et al. [54]

Jetson Xavier NX

Detection Banana Ripeness Detection YOLOv8 Nano PyTorch with CUDA 13.9 ms per image Aishwarya and Kumar [55]
Detection Face Mask Detection YOLOv5s PyTorch with CUDA 12 FPS Aljaafreh et al. [56]
Detection COCO Detection YOLOv4 Tiny TensorRT with FP16 0.0035 ms per image Shin and Kim [57]
Detection Vehicle and Pedestrian Detection YOLOv8 DeepStream, TensorRT 6.7 ms per image Wasule et al. [58]
Detection COCO Detection YOLOv3 PyTorch with CUDA 0.252 ms per image Zhu et al. [43]
Detection Pedestrian Detection YOLOv4 PyTorch with CUDA 15 FPS Wang et al. [37]
Depth Estimation Monocular Estimation FastMDE PyTorch, ONNX, TensorRT 30 ms per image Dao et al. [60]
Detection Fire and Smoke Detection YOLOv3 PyTorch, DeepStream 9.9 FPS Chen et al. [59]

Jetson ORIN AGX

Classification Tomato Disease Classification MobileNetv2 ONNX with ONNXRuntime 0.4 ms per image Zahid et al. [61]
Detection COCO Detection SSD TensorRT 48.41 FPS Avila et al. [62]
Detection Ground Vehicle Detection YOLOX TensorRT with FP32 37 FPS Bhattacharjee et al. [63]

Detection Surgical Instrument Detection YOLOv5 Model TensorRT with int8,
DeepStream 2.3 ms per image Belhaoua et al. [64]

Detection+Tracking Vehicle Detection YOLOX FP32 with TensorRT 87.2 FPS Carvalho et al. [65]

Jetson ORIN Nano
Classification Tomato Disease Classification MobileNetv2 ONNX with ONNXRuntime 0.6 ms per image Zahid et al. [61]
Detection+Tracking Vehicle Detection YOLOX FP32 with TensorRT 78.9 FPS Carvalho et al. [65]

HiKey970
Detection PASCAL VOC Detection SSD PyTorch with CUDA Support 1.45 FPS Chen et al. [47]
Classification MNIST Classification DarkNet TensorFlow 0.460 ms per image Tolmacheva et al. [39]

ASUS Tinker Board S
Detection COCO Detection Custom CNN OpenCV, TensorFlow 0.245 s per image Taspinar and Selek [26]
Detection Face Detection Haar Features OpenCV 0.2 s per image Chen et al. [27]
Classification Face with Mask Classification MobileNetv2 TensorFlow Not reported Jahan et al. [28]
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Table 2. Cont.

SBC CV Task Purpose Model Packages Inference Performance Reference

ASUS Tinker Edge T Classification Pest Classification ResNet 8 TFLite 3 ms per image Tran and Tran [29]

Coral Dev Board

Classification ImageNet Classification MobileNetv2 TFLite, Quant Integer 0.004 s per image Baller et al. [38]
Segmentation Eye Optical Disc Segmentation UNet Model TFLite 9 ms per image Masot et al. [74]
Classification Multiclass Custom MobileNetv2 TFLite with IQ quantization 2.9 ms Rosero-Montalvo et al. [77]
Classification Tomato Disease Classification MobileNetv2 ONNX with ONNXRuntime 1.16 ms per image Zahid et al. [61]

Detection People Detection Custom Model OpenCV, TFLite 1 FPS Petersson and Mohammedi
[75]

Detection Person and Weapon SSD, YOLOv4 int8 with TFLite 0.9 FPS Berardini et al. [45]

BeagleBone AI Classification MNIST Classification Custom Model OpenCV, TFLite 0.524 ms per image Bogacz and Qouneh [73]

VisionFive 2 Detection Universal Object Detection YOLOv3 OpenCV, PyTorch 427.70 ms per image Jacob [72]
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Table 3. Mapping of fundamental Computer Vision (CV) tasks to Single-Board Computers (SBCs).

CV Task Model Complexity Inference Speed Visual Complexity Single/Multiple Models Input Streams Recommended SBCs

Entry-Level 1 Classification Simple (e.g., MobileNet) Not Critical Simple Background Single Model Inference Single Stream

Tinker Board S
Tinker Board T
Tinker Board 2
Libre Tritium
Libre Le Potato
Libre Renegade
ROCK PI N10
BeagleBone AI
Coral Dev Mini

Moderate-Performance 2 Moderate (e.g., ResNet50) <1FPS Visually Challenging Single Model Inference Single Stream

Tinker Board 3N
Jetson Nano
VisionFive 2

Classification Background HiKey970
Coral Dev Board

High-Performance 3

Detection and Tracking
Complex (e.g., YOLO, DINO) >15FPS Complex and Dynamically

Changing Background
Single Model Inference + Tracker Single Stream

Jetson TX2
Jetson Xavier NX
Jetson Orin Nano

Very-High-Performance 4
Complex (e.g., YOLO, DINO) >15FPS Complex and Dynamically

Multiple Model Inference + Tracker Multiple Stream Jetson AGX Orin
Detection and Tracking Changing Background

1: Develop an image-classification system to classify plant disease from plant leave images. 2: Develop an image-classification system to classify animal types from trap camera captured
images. 3: Develop a video analytics system to detect and count vehicles in real time from live video feed. 4: Develop a video analytics system to detect, classify, and count vehicles in
real time for multiple input streams.
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3.6.1. Entry-Level Computer Vision (CV) Task

An entry-level CV task typically involves employing a relatively simple deep learning
model, such as MobileNet, in environments characterized by simple backgrounds with
only objects of interest. Real-time processing is not a critical requirement, allowing for
a few seconds per image during inference. Thus, hardware configurations with modest
specifications suffice, such as a basic old-generation GPU, 2 GB of RAM, 16 GB of storage,
and a 5–10 W power consumption allowance.

An illustrative example of such a task is the development of an image-classification
system aimed at identifying common plant diseases from images of plant leaves. This
application is intended to aid local gardeners and small-scale farmers in assessing the
health status of their crops. The process involves capturing leaf images using a camera
and conducting offline processing on an edge-computing device. The system does not
necessitate rapid image processing; instead, periodic intervals between processing cycles
are acceptable. For this purpose, SBCs such as Tinker Board S, Tinker Board T, Tinker
Board 2, Libre Tritium, Libre Le Potato, Libre Renegade, ROCK PI N10, BeagleBone AI, and
Coral Dev Mini are particularly suitable. These boards offer a cost-effective solution, with
pricing ranging from USD 30 to USD 240, thereby aligning with budget constraints while
meeting the computational demands of the envisioned CV task.

3.6.2. Moderate-Performance Computer Vision (CV) Task

A moderate-performance CV task typically involves employing deep learning models
of moderate complexity, such as ResNet50 pre-trained on the ImageNet dataset. The task
requires inference times of less than one second per image and may involve processing
images with some visual complexity (e.g., the presence of noise or irrelevant objects) in
their backgrounds. To support such a task, suitable hardware would include a multi-core
processor, an intermediate generation GPU with a minimum of 4 GB of RAM, 32 GB of
storage, and a power consumption capability of around 10 W.

An illustrative example of a moderate-level task is the development of an image-
classification system aimed at identifying animal species from images captured by animal
trap cameras. This application serves the purpose of monitoring biodiversity and animal
population dynamics. Typically, such tasks involve a larger number of classes, possibly up
to 50, and require inference times comfortably under one second per image. For developing
solutions for this type of task, SBCs such as Tinker Board 3 N, Jetson Nano, VisionFive 2,
HiKey970, and Coral Dev Board are well suited. VisionFive 2 represents a cost-effective option
(i.e., USD 65), while Jetson Nano offers enhanced functionality and performance capabilities.

3.6.3. High-Performance Computer Vision (CV) Task

A high-performance CV task involves utilizing advanced object detection models like
the YOLO series and Transformer-based DINO for real-time inference, typically requiring
a minimum of 15 FPS and continuous operation in complex dynamically changing envi-
ronments. To support such tasks, the hardware requirements include the latest generation
CPU technology, a dedicated GPU architecture with Tensor cores, more than 16 GB of RAM,
64 GB of storage, and a power consumption capability of at least 15 W.

An exemplary application of such a task would be the development of a real-time
traffic analytics system capable of detecting and counting various types of vehicles from a
live camera feed. This system plays a crucial role in analysing traffic patterns and enhancing
local traffic management strategies. It involves employing object detection models and
tracking algorithms to accurately count distinct objects in real time. For implementing
solutions for such high-performance applications, SBCs like Jetson TX2, Jetson Xavier NX,
and Jetson Orin Nano are well suited. These devices are designed to meet the computational
demands of real-time object detection and tracking tasks, however, at the higher end of the
cost spectrum.
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3.6.4. Very-High-Performance Computer Vision (CV) Task

A very-high-performance CV task involves simultaneous inference of multiple models
on multiple input streams in complex visual environments, achieving real-time processing
speeds of over 15 FPS. To execute such tasks effectively, hardware requirements include
state-of-the-art GPU architecture, a minimum of 32 GB RAM, 128 GB storage, and a power
consumption capability exceeding 30 W.

An illustrative example of such a task is the development of a video analytics system
designed to detect various types of vehicles, classify them based on colour, and count their
unique occurrences across frames. This system must handle more than two input streams
concurrently and deliver output at a rate exceeding 15 FPS. For implementing solutions for
such demanding applications, Jetson AGX Orin is highly recommended. It is specifically
designed to meet the computational demands of multiple model inference on complex
video streams, ensuring high-performance real-time processing capabilities.

4. Software Advances

To facilitate the development of CV algorithms and solutions to be deployed on SBCs,
over the years, a number of noticeable advancements have been made, specifically in
terms of optimization approaches, development packages, development frameworks, and
hardware deployment packages.

4.1. Computer Vision (CV) Algorithm Optimization Techniques
4.1.1. Model Quantization

Model quantization involves reducing the precision of weights and activations in neu-
ral networks. Post-training quantization techniques, such as TensorFlow Lite’s post-training
quantization [78], enable the conversion of models to more efficient 8-bit representations
without retraining. Quantization-aware training techniques [79], such as training with
mixed precision or using quantization-aware training frameworks like TensorFlow, PyTorch,
and Open Neural Network Exchange (ONNX), allow for training models that can directly
be quantized without significant loss in accuracy. Model quantization has emerged as a crit-
ical technique for optimizing deep learning models to meet the computational constraints
of edge-computing devices. Over the years, various quantization approaches have evolved,
enabling the deployment of efficient and lightweight CV models for edge-computing ap-
plications. Early model quantization techniques primarily focused on reducing model
precision from 32-bit floating-point to 16-bit or 8-bit fixed-point representations, thereby
reducing memory requirements and accelerating computations. However, these initial
approaches often resulted in significant accuracy degradation, limiting their practical appli-
cability. Advancements in model quantization techniques have addressed these challenges
by incorporating sophisticated methods such as the following:

• Post-Training Quantization: This technique involves converting pre-trained models to
low-precision representations, typically 8-bit fixed point, without retraining. Notable
advancements include TensorFlow’s post-training quantization, which provides a
straightforward approach for converting models to 8-bit precision, significantly reduc-
ing memory usage and accelerating inference without compromising accuracy [78].

• Quantization-Aware Training: This technique integrates quantization constraints
during the model training process, enabling the creation of models that can be di-
rectly quantized without significant accuracy loss. Noteworthy advancements in
quantization-aware training include the development of techniques in popular deep
learning frameworks such as TensorFlow, PyTorch, and ONNX, allowing for the
seamless integration of quantization during the training phase [78].

Recent developments in model quantization have also explored hybrid precision
quantization, which combines different bit precisions for different model components
to achieve a balance between model size and accuracy. Furthermore, research efforts
have focused on optimizing quantization-aware training to better handle non-uniform
quantization and mitigate the impact of quantization on model performance. Challenges
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still persist in achieving high levels of model compression while preserving the accuracy
and robustness of CV models. As the demand for edge computing continues to grow,
ongoing research is focused on developing novel techniques that enable more aggressive
quantization without compromising the performance of CV models.

4.1.2. Model Pruning

Model pruning involves identifying and removing redundant or less important pa-
rameters in neural networks [80]. Magnitude-based pruning methods, such as magnitude
pruning and iterative pruning, focus on eliminating less significant weights [81]. Filter
pruning methods, such as network slimming and ThiNet, target entire filters or channels
for removal [82]. Structured pruning techniques, like weight sharing and structured spar-
sity, prune entire structures within the network [83]. Over the years, various pruning
approaches have evolved, addressing the challenges of reducing model size while pre-
serving accuracy and performance. Early techniques focused on eliminating redundant
connections or weights within neural networks, aiming to reduce model size without a
significant degradation in performance [80]. These methods included the following:

• Magnitude-Based Pruning: This approach involves removing small-magnitude weights
or connections from the network, often based on a predefined threshold. The advance-
ments in this technique have led to the development of iterative pruning methods,
which iteratively prune the least significant weights and fine-tune the remaining
network to maintain performance levels [81].

• Filter Pruning: Filter pruning techniques aim to remove entire filters or channels within
convolutional layers that contribute minimally to the network’s overall output. Network
slimming and ThiNet are examples of filter pruning techniques that have demonstrated
significant reductions in model size while preserving model accuracy [82].

To address the limitations of early pruning methods and achieve more aggressive
model compression, researchers have also developed advanced pruning strategies such as
the following:

• Structured Pruning: Structured pruning techniques target specific structures within the
network, including entire neurons or layers, for removal. By leveraging the structured
patterns present in neural networks, these techniques enable more efficient and sys-
tematic model compression. Recent advancements in structured pruning have focused
on preserving model performance through techniques such as gradual pruning and
retraining, ensuring that the pruned networks retain their original functionality [80].

• Channel Pruning: Channel pruning techniques specifically target individual channels
within convolutional layers based on their importance to the network’s output. These
methods identify redundant or less significant channels and selectively prune them to
reduce computational overhead while maintaining model accuracy. Recent develop-
ments in channel pruning have emphasized the integration of sparsity regularization
and fine-grained pruning techniques to achieve better trade-offs between model size
and performance.

Ongoing research efforts are focused on developing hybrid pruning strategies that
combine the strengths of different pruning methods. These approaches aim to strike a
balance between aggressive model compression and minimal performance degradation,
paving the way for the widespread implementation of pruned models in various edge-
computing applications.

4.1.3. Knowledge Distillation

Knowledge distillation involves transferring knowledge from a large, cumbersome
model (the teacher) to a smaller, more efficient model (the student). Techniques such as
Hinton’s Knowledge Distillation [84] and Born-Again Networks [85] aid in this knowledge
transfer. Recent advancements incorporate attention mechanisms and multi-stage distil-
lation to enhance the student model performance and accuracy. Knowledge distillation
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is pivotal for transferring knowledge from large, complex models to smaller, efficient
ones, facilitating deployment on resource-constrained edge-computing devices. Various
approaches have evolved over time, enabling the compression of complex models without
significant performance loss. Early techniques focused on transferring knowledge from a
large, well-trained teacher model to a smaller student model, typically involving mimicking
the teacher’s behaviour through soft labels or intermediate representations. Notable early
approaches include the following:

• Hinton’s Knowledge Distillation: Proposed by Geoffrey Hinton in 2015, this pioneer-
ing technique involved training the student model to match the softened probabilities
generated by the teacher model. It provided a foundational framework for subsequent
developments in knowledge distillation, emphasizing the importance of transferring
rich knowledge representations from complex models to compact ones.

• Born-Again Networks: Introduced in 2017, this approach focused on leveraging
knowledge distillation to improve the performance of the teacher model itself. By
training the teacher model on its own soft targets, the model’s performance was
enhanced, leading to more effective knowledge transfer to the student model.

To address the limitations of early knowledge distillation methods and improve the
efficiency of knowledge transfer, researchers have developed advanced techniques, including
the following:

• Attention Mechanism-Based Distillation: These approaches incorporate attention
mechanisms to guide the student model in focusing on crucial details provided by
the teacher model. Attention-based distillation techniques facilitate the transfer of
intricate knowledge representations, enabling the student model to capture important
patterns and nuances present in the data [86].

• Multi-Stage Distillation: Multi-stage distillation techniques refine the knowledge transfer
process iteratively, allowing the student model to learn from multiple stages of the
teacher’s learning process. By progressively transferring knowledge across different
stages, the student model can capture a more comprehensive understanding of the
underlying data distribution, resulting in improved performance and robustness [87].

Recent advancements in knowledge distillation have focused on integrating self-
distillation techniques and exploring the synergy between different distillation approaches.
These developments aim to enhance the scalability and adaptability of knowledge distilla-
tion methods, enabling the efficient deployment of compact and accurate CV models in
diverse edge-computing applications.

4.1.4. Hardware-Aware Optimization

Hardware-aware optimization techniques adapt neural network models to efficiently
utilize the unique hardware architecture of edge devices. Compiler optimizations, platform-
specific libraries, and hardware-aware neural network design methods facilitate the creation
of optimized models for mobile phones, IoT devices, and embedded systems. These tech-
niques have evolved alongside advancements in edge-computing hardware and architec-
tures to meet the specific demands of diverse edge-computing platforms. Hardware-aware
optimization is crucial for tailoring and optimizing deep learning models to leverage par-
ticular hardware architectures and constraints in edge-computing environments. Various
approaches have emerged over time, enabling the development of efficient CV models
suited to various edge-computing devices [88]. Initially, hardware-aware optimization
techniques focused on exploiting platform-specific libraries and compiler optimizations to
enhance the performance and energy efficiency of deep learning models on edge devices.
These methods prioritized the efficient utilization of hardware features like vectorized
operations and specialized accelerators to speed up inference and reduce computational
overhead. As the demand for deploying complex CV models on resource-constrained edge
devices grew, researchers developed advanced hardware-aware optimization strategies, in-
cluding the following:
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• Neural Network Design for Specific Hardware: These approaches involve designing
neural network architectures tailored to the the specific hardware characteristics of edge
devices. By customizing the network structure to exploit hardware features such as
parallel processing capabilities and memory hierarchies, these techniques optimize the
overall performance and energy efficiency of models deployed on edge devices [89].

• Compiler Optimizations for Edge Devices: Compiler optimization techniques have
been developed to transform high-level deep learning model representations into
efficient executable code optimized for specific edge-computing platforms. These opti-
mizations include code transformations and scheduling techniques that leverage the
underlying hardware architecture to improve the performance and energy efficiency
of deployed models [90].

Recent advancements in hardware-aware optimization have focused on integrating
automated optimization tools and exploring the synergy between hardware-aware design
and model-specific optimizations. These developments aim to facilitate the seamless inte-
gration of deep learning models with diverse edge-computing platforms, enabling efficient
inference and analysis while minimizing resource utilization and energy consumption.
Challenges still exist in achieving optimal performance and energy efficiency while en-
suring compatibility with a wide range of edge-computing devices. Ongoing research
efforts are addressing these challenges by developing adaptive optimization techniques
that dynamically adjust model configurations based on real-time hardware constraints and
performance requirements, thereby enabling the deployment of highly efficient CV models
in edge-computing environments.

4.1.5. Federated Learning

Federated learning enables model training across decentralized edge devices while
safeguarding data privacy. Techniques like secure aggregation, differential privacy, and
encryption protocols ensure the confidentiality of sensitive data. Federated averaging
and secure communication protocols support collaborative model training and knowledge
sharing without compromising privacy. This method gained traction with the introduc-
tion of secure aggregation and differential privacy. Ongoing research aims to improve
the security, efficiency, and scalability of federated learning for edge computing. It has
become a potent tool for collaborative model training across distributed edge devices while
upholding privacy and security. Various federated learning approaches have evolved to
tackle challenges in efficient and secure collaborative learning in distributed edge envi-
ronments. Early techniques emphasized secure aggregation and differential privacy to
maintain data privacy during training. These methods laid the groundwork for secure
and efficient collaborative learning across multiple edge devices without centralized data
sharing [91]. Advanced strategies include the following:

• Efficient Communication Protocols: These approaches aim to minimize communi-
cation overhead and optimize the exchange of model updates and gradients across
distributed edge devices. By implementing efficient communication protocols, such
as adaptive quantization and compression techniques, federated learning systems can
achieve faster convergence and reduced communication costs while maintaining data
privacy and security.

• Enhanced Security Protocols: Advanced federated learning systems integrate robust
security protocols, including Secure Multiparty Computation (SMC) and homomorphic
encryption, to protect sensitive data and model parameters during collaborative model
training. These protocols ensure that privacy-sensitive information remains secure and
encrypted throughout the entire learning process, enabling decentralized edge devices
to participate in collaborative learning without compromising data privacy.

Recent advancements in federated learning have focused on optimizing communica-
tion efficiency, enhancing security protocols, and improving model aggregation techniques.
These developments aim to address the scalability and reliability challenges of federated
learning systems, enabling the deployment of efficient and collaborative CV models in di-
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verse edge-computing environments. Challenges persist in achieving seamless coordination
and synchronization across distributed edge devices while maintaining data privacy and
security. Ongoing research efforts are addressing these challenges by exploring advanced
encryption techniques, federated optimization algorithms, and adaptive communication
strategies, paving the way for the widespread implementation of federated learning in
various edge-computing applications.

4.1.6. Model Compression

Model compression techniques aim to decrease the size of deep learning models
without sacrificing performance. Common methods include weight sharing, low-rank
factorization, and parameter regularization. Recent advancements like dynamic network
surgery dynamically prunes and grows networks during training, striking a balance be-
tween model size and performance. Significant developments such as dynamic network
surgery and adaptive compression strategies emerged to tackle challenges related to de-
ploying deep learning models on resource-constrained edge devices. Model compression is
crucial for reducing the size and complexity of deep learning models, enabling efficient
deployment on edge-computing devices. Various approaches have evolved over time,
focusing on minimizing model size while maintaining accuracy and performance. Early
techniques concentrated on reducing parameters and operations through methods like
weight sharing and low-rank factorization, aiming to cut memory requirements and com-
putational overhead without compromising performance. Advanced strategies include the
following:

• Parameter Regularization Techniques: These techniques aim to impose constraints
on model parameters during training to prevent overfitting and reduce the model’s
complexity. Methods such as L1 and L2 regularization encourage sparsity in the
weight matrices, leading to more compact models with improved generalization
capabilities and reduced memory footprint [92].

• Dynamic Network Surgery: Dynamic network surgery techniques dynamically adjust
the network architecture during the training process, allowing the model to grow or
shrink based on the task requirements. By adaptively adding or removing network
components, dynamic network surgery enables the creation of highly efficient and
task-specific models tailored for edge-computing applications [93].

Recent advancements in model compression have focused on integrating sparsity-
inducing techniques, knowledge distillation, and hybrid compression methods. These de-
velopments aim to strike a balance between aggressive model compression and minimal
performance degradation, paving the way for the widespread implementation of compressed
models in various edge-computing applications. Challenges persist in achieving significant
model compression while maintaining the robustness and interpretability of CV models.
Ongoing research efforts are addressing these challenges by exploring advanced compression
algorithms, hybrid model architectures, and adaptive compression strategies, enabling the
deployment of lightweight and efficient CV models in edge-computing environments.

4.2. Computer Vision (CV) Packages and Libraries

To facilitate the development of CV models and applications, a range of software
packages and libraries have been introduced including TensorFlow v2.16.1, PyTorch v2.4,
OpenCV v4.10.0, Convolutional Architecture for Fast Feature Embedding (Caffe) v1.0,
scikit-image v0.24.0, and SimpleCV v1.3s. A brief detail of each of these packages is
provided as follows:

• TensorFlow is a widely adopted end-to-end open-source platform introduced by the
Google Brain’s Machine Intelligence team for CV and neural network development,
offering a comprehensive and flexible ecosystem encompassing various tools, libraries,
and community resources [94]. TensorFlow provides stable Python and C++ APIs,
alongside a non-guaranteed backward compatible API for other programming languages.
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• PyTorch, initially developed by Meta AI, has emerged as one of the leading open-
source ML libraries and serves as a versatile tool for CV development [95]. Offering a
polished Python interface and a secondary C++ interface, PyTorch caters to diverse
user preferences and development requirements. PyTorch supports ONNX for seam-
less model conversion between frameworks. PyTorch’s Tensor class facilitates efficient
storage and manipulation of multi-dimensional arrays, offering seamless integration
with CUDA-capable GPUs and ongoing support for diverse GPU platforms.

• OpenCV is an open-source CV library which serves as a foundational framework for
a wide array of CV applications, offering accessibility and adaptability through its
Apache 2 licensing [96]. Featuring over 2500 optimized algorithms, OpenCV enables
users to tackle diverse CV tasks (e.g., face detection, optical tracking, and object
detection). OpenCV is one of most widely adopted CV packages with around 47
thousand robust users. It supports multiple programming languages including C++,
Python, Java, and MATLAB, as well as major OSs such as Windows, Linux, Android,
and macOS, ensuring its broad accessibility and integration. Ongoing development
efforts are directed towards enhancing GPU acceleration through CUDA and OpenCL
interfaces, ensuring that OpenCV remains at the forefront of innovation in CV research
and application development.

• Caffe is one of the initially developed deep learning frameworks by Berkeley AI
Research (BAIR) designed with a focus on expression, speed, and modularity [97].
Caffe operates under the BSD 2-Clause license, fostering an open and collaborative
development environment. Caffe offers seamless switching between CPU and GPU
for training and deployment, facilitating versatility across various computing envi-
ronments, from high-performance GPU machines to commodity clusters and mobile
devices. Caffe project, at the time of its launch, had over 1000 members contributing
to enhance its capabilities; however, it could not keep the pace as other libraries like
PyTorch and TensorFlow took over. Although Caffe is not actively maintained any
more, there is still support from NVIDIA to run Caffe on the latest generation of GPUs
using cuDNN Caffe library. Caffe is still popular among the community; however,
Caffe2 is actively adopted by researchers as the successor.

• Scikit-image, developed by Stéfan van der Walt and formerly known as scikits.image,
is a Python-based open-source library dedicated to image-processing tasks. It features
a comprehensive suite of algorithms covering segmentation, geometric transforma-
tions, colour space manipulation, and feature detection [98]. Designed to seamlessly
integrate with Python’s numerical and scientific libraries, such as NumPy and SciPy,
scikit-image offers a robust ecosystem for image analysis and manipulation. Leverag-
ing a predominantly Python-based architecture, scikit-image optimizes performance
by implementing core algorithms in Cython, striking a balance between ease of use
and computational efficiency.

• SimpleCV is an accessible framework designed for the development of open-source CV
leveraging the capabilities of OpenCV and the simplicity of the Python programming
language [99]. SimpleCV aims to cater to both novice and experienced programmers,
providing a comprehensive platform for basic CV functions as well as an elegant
programming interface for advanced users. With features for the easy extraction,
sorting, and filtering of image information, as well as fast manipulations with intuitive
naming conventions, SimpleCV streamlines the process of developing CV applications.
Moreover, it abstracts away the complexities of underlying CV libraries, such as
OpenCV, allowing users to focus on application development without the need to
delve into technical details like bit depths, file formats, or linear algebra concepts. In
essence, SimpleCV enables users to harness the power of CV without unnecessary
barriers, making the field more accessible and approachable for all.
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Comparative Analysis

Each of the above-mentioned CV development packages offers unique strengths
to meet various needs within the research and development communities. In terms of
modularity and flexibility, OpenCV, PyTorch, and TensorFlow stand out. OpenCV provides
a vast collection of modular components, enabling the development of complex applications
with its extensive library of algorithms. PyTorch and TensorFlow, designed for deep
learning and neural networks, offer modular architectures that support rapid prototyping
and custom module integration. Although Caffe is not actively maintained, it still provides
modularity through configuration files for model definition and optimization. Scikit-image
and SimpleCV offer simpler modular structures that are easy to use and integrate.

Regarding performance and scalability, TensorFlow and PyTorch lead the way with
support for GPU acceleration, mixed precision training, and large-scale deployments. They
are optimized for high performance and can efficiently scale across multiple GPUs and
nodes. OpenCV also optimizes performance through hardware acceleration (MMX and
SSE instructions) and is enhancing GPU acceleration through CUDA and OpenCL. Caffe
remains relevant with its seamless CPU–GPU switching, facilitating efficient deployment
across diverse computing environments. SimpleCV, while user friendly, may not match
the performance and scalability of the more advanced frameworks. Scikit-image focuses
on efficiency with Cython-implemented core algorithms, making it suitable for real-time
processing on less powerful hardware.

In terms of ease of use and accessibility, SimpleCV and scikit-image are particularly
noted for their user-friendly interfaces, catering to users with limited expertise. They
simplify complex tasks, making them suitable for beginners and rapid prototyping. Tensor-
Flow, with its stable Python and C++ APIs, and PyTorch, known for its intuitive Python
interface, balance ease of use with advanced functionality, making them accessible to a
broad spectrum of users. OpenCV, while powerful, can have a steeper learning curve due to
its extensive functionalities. Caffe, despite its initial complexity, simplifies model definition
through configuration files, easing the learning process somewhat.

All these packages benefit from strong community support. TensorFlow and PyTorch,
backed by Google and Meta, respectively, have vibrant communities that contribute to
continuous development and innovation. OpenCV, with its widespread adoption, has a
robust community of over 47 thousand users. Caffe, although less active now, still enjoys
support from NVIDIA for running on the latest GPUs. Scikit-image and SimpleCV have
dedicated user bases and are actively maintained through community-driven development,
ensuring they remain useful and relevant.

In terms of deployment capabilities, TensorFlow and PyTorch excel with support for
ONNX export and efficient scaling across various platforms. OpenCV’s focus on real-
time vision tasks and optimization techniques ensure its suitability for deployment in
diverse applications. Caffe’s seamless CPU–GPU switching facilitates versatile deployment
environments and, despite being less prominent now, it still offers valuable deployment op-
tions, especially with NVIDIA’s support. SimpleCV simplifies deployment by abstracting
complex details, making it accessible for quick application development. Scikit-image, inte-
grated with the Python scientific stack, allows easy deployment for image-processing tasks
within broader scientific workflows. Table 4 presents the comparison to CV development
libraries in terms of license, optimization language, and application.
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Table 4. Comparison of Computer Vision (CV) libraries and packages.

Feature OpenCV TensorFlow Caffe PyTorch Scikit-Image SimpleCV

License Apache 2 Apache 2 BSD 2-Clause Custom
(BSD-style) BSD 3-Clause BSD 3-Clause

Application CV and ML End-to-End ML Deep Learning ML and Deep
Learning Image Processing Machine Vision

Language C++, Python,
Java, MATLAB Python, C++, Java C++, Python Python, C++ Python Python

Optimization MMX, SSE GPU (CUDA,
OpenCL) GPU Acceleration GPU Acceleration Cython NA

4.3. Computer Vision (CV) Development Frameworks

Several frameworks have emerged in the CV domain over the years in regard to the
development (e.g., model training, fine-tuning, and exporting) of models for various CV
application tasks including classification, detection, segmentation, and tracking. A few of
the highlighted frameworks adopted by the research community include Detectron2 v0.6,
NVIDIA TAO Toolkit v5.3.0, OpenMMLab, and Ultralytics v8.2.64. A brief introduction to
each of the framework is listed as follows:

• Detectron2, developed by Facebook AI Research (FAIR) in 2018 [100], is a widely adopted
open-source framework among the research community and offers a range of detection
and segmentation model variants. It is built on PyTorch and known for its modularity,
flexibility, and performance. Detectron2 model zoo includes a wide array of the latest ob-
ject detection and instance segmentation model variants of Faster R-CNN. Furthermore,
it uses GPU acceleration with mixed precision training enabling it to achieve higher
inference speeds. In addition, it simplifies the deployment of models to production by
offering standard training workflows and model conversion capabilities.

• The NVIDIA TAO Toolkit, unveiled in 2020 by NVIDIA, emerges as a leading solution
designed for CV and AI applications, particularly suited for edge computing and
embedded systems [101]. Developed to streamline AI model training and deploy-
ment, TAO simplifies the intricacies of deep learning frameworks like TensorFlow
and PyTorch, offering a low-code approach to model customization and optimiza-
tion. Leveraging pre-trained vision AI models from the NVIDIA GPU Cloud (NGC),
users can fine-tune and customize models effortlessly, culminating in trained models
deployable across a spectrum of platforms, from GPUs to CPUs and MCUs. Key
features of the TAO Toolkit include its AutoML capability, which streamlines model
training by automating hyperparameter tuning, and its support for model pruning
and quantization-aware training, optimizing model size and inference performance.
Additionally, TAO facilitates seamless deployment on various devices through its
support for ONNX export and multi-GPU/multi-node training, ensuring scalability
and efficiency.

• OpenMMLab, introduced in October 2018, is a comprehensive and modular open-
source platform for the development of deep learning-driven CV applications [102].
Built upon the PyTorch framework, OpenMMLab leverages MMEngine to provide
a universal training and evaluation engine, alongside MMCV, which offers essential
neural network operators and data transforms. With over 30 vision libraries, 300
implemented algorithms, and a repository containing over 2000 pre-trained models,
OpenMMLab continues to drive innovation and empower developers with the tools
needed to tackle complex CV tasks effectively.

• Ultralytics platform, released in 2019, has gained fairly rapid attention in recent
years for its YOLO series of models in object detection and instance segmentation
research [103]. Ultralytics’ open-source projects on GitHub provide state-of-the-art
solutions for a diverse range of AI tasks, spanning detection, segmentation, classifica-
tion, tracking, and pose estimation. With an open and inclusive approach, Ultralytics
actively seeks feedback, feature requests, and bug reports from its user base, en-
suring continuous improvement and innovation. Leveraging the power of PyTorch
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and a range of compatible models, Ultralytics empowers users with features such as
mixed precision training, real-time model evaluation, and visualization, facilitating a
seamless transition from model creation to practical deployment.

Comparative Analysis

Each of the above-mentioned CV development frameworks offers unique strengths
addressing the needs of the research community. This section provides the subjective
comparison of the development frameworks in terms of modularity, performance, ease of
use, community support, and deployment capabilities.

In terms of modularity and flexibility, Detectron2 and OpenMMLab are better in
providing modular and extensible designs. Built on PyTorch, these frameworks allow for
the rapid prototyping and integration of custom modules, which is particularly beneficial
for research and complex applications. Detectron2’s architecture supports a clean separation
of components, facilitating experimentation and innovation. Similarly, OpenMMLab offers
a comprehensive ecosystem, making use of MMEngine and MMCV to provide a universal
training and evaluation engine. This modularity, however, comes at the cost of a steeper
learning curve, making these frameworks more challenging for beginners.

In the context of performance and scalability, Detectron2 leverages GPU acceleration
and mixed precision training, offering superior speed and scalability, making it suitable
for both research and production environments. NVIDIA TAO Toolkit, on the other hand,
emphasizes efficiency through its support for multi-GPU and multi-node training. By
utilizing pre-trained models from the NGC and supporting ONNX export, TAO Toolkit
ensures scalable and efficient deployment across various platforms. However, it is primarily
optimized for NVIDIA hardware, potentially limiting its use for those using other platforms.
While Ultralytics focuses on making AI models accessible and easy to deploy, it may face
limitations in scalability and performance compared to frameworks specifically designed
for large-scale deployments.

On the subject of ease of use and accessibility, the low-code approach of NVIDIA
TAO Toolkit simplifies the complexities of deep learning frameworks like TensorFlow and
PyTorch, making it accessible to users with limited expertise. This approach streamlines
model training and customization, empowering developers to harness the power of transfer
learning with minimal data and coding effort. Ultralytics also prioritizes accessibility,
providing state-of-the-art solutions that are efficient to train and effortless to deploy. It
supports features like mixed precision training and real-time model evaluation, facilitating a
seamless transition from model creation to practical deployment. In contrast, the complexity
and resource demands of Detectron2 and OpenMMLab might be a hurdle for beginners or
those with limited computational resources.

In terms of community support and collaboration, Detectron2 benefits from strong
community support due to its foundation in PyTorch and backing by FAIR. OpenMMLab
fosters collaboration between academia and industry, bridging the gap between theoretical
research and practical applications. With over 30 vision libraries and 300 implemented al-
gorithms, supported by a robust repository of over 2000 pre-trained models, OpenMMLab
drives innovation and empowers developers. Ultralytics engages a vibrant community
of contributors, ensuring regular updates and active community support. It welcomes
feedback, feature requests, and bug reports from its user base, fostering continuous im-
provement and innovation. NVIDIA TAO Toolkit is supported by NVIDIA’s extensive
resources and infrastructure, ensuring robust technical support and updates.

Finally, in the context of deployment capabilities, NVIDIA TAO Toolkit leads in
deployment capabilities, supporting ONNX export, and ensuring scalability and efficiency
across various devices, from GPUs to CPUs and MCUs. Detectron2 also simplifies the
deployment of advanced models to production, offering standard training workflows and
model conversion capabilities for cloud and mobile deployment. OpenMMLab provides
efficient toolchains targeting diverse backends and devices, streamlining the deployment
process. Ultralytics focuses on practical deployment, making state-of-the-art AI models
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accessible and easy to deploy, although it may not offer the same level of advanced features
and scalability as more specialized frameworks. Table 5 presents a comparison of the CV
development frameworks.

Table 5. Comparison of Computer Vision (CV) development frameworks.

Feature Detectron2 NVIDIA TAO Toolkit OpenMMLab Ultralytics

License Apache 2 Proprietary Apache 2 MIT

Developer Facebook AI
Research NVIDIA MMLAB Ultralytics

Framework PyTorch TensorFlow, PyTorch PyTorch PyTorch

CV Tasks Det, Seg Det, Seg, Clas, Action,
Pose All Det, Seg

AutoML No Yes No No

Export Options TorchScript,
ONNX ONNX, TRT Engine ONNX, Torch ONNX, Torch

4.4. Computer Vision (CV) Packages for Hardware Deployment

The deployment of trained CV models to production on SBCs requires optimization
to achieve a high performance on resource-constrained hardware. There exist a variety of
packages to deploy the models on hardware including PyTorch Mobile, OpenVINO v2024.2,
ONNX v1.16.1, TensorRT v8.6.0, and Tensor Flow Lite v2.13. A brief introduction to each of
the packages is listed as follows:

• PyTorch Mobile is a leading solution for deploying ML models on low-power mo-
bile and edge-computing devices, designed for compactness and performance in CV
tasks [104]. It is part of the PyTorch ecosystem allowing a smooth transition from
model training to deployment. Some highlighted features include the privacy preserv-
ing federating learning capability, cross-platform support, support for TorchScript,
and integration with optimization techniques.

• OpenVINO, short for Open Visual Inference and Neural network Optimization, is
an open-source toolkit developed by Intel for optimizing and deploying AI infer-
ence on a variety of devices, particularly embedded systems and edge-computing
devices [105]. By leveraging models trained on popular frameworks like TensorFlow
and PyTorch, OpenVINO enables users to optimize the model inference on low-power
and resource-constrained SBCs. The core components of the OpenVINO toolkit encom-
pass the OpenVINO Model Converter (OVC), OpenVINO Runtime, and a versatile
set of plugins catering to CPUs, GPUs, and heterogeneous computing environments.
Additionally, the toolkit provides a suite of samples and frontends, facilitating model
conversion, inference, and transformation tasks with ease.

• ONNX is an open-source initiative towards a unified solution for the seamless inter-
operability of models across various development frameworks [106]. ONNX enables
AI developers to transcend framework limitations and effortlessly exchange models
between platforms such as TensorFlow, PyTorch, and Caffe. It facilitates access to hard-
ware accelerators through compatible runtimes and libraries, optimizing performance
across a spectrum of hardware configurations.

• TensorRT, introduced by NVIDIA, is a high-performance deep learning inference
engine designed for the efficient deployment of models on edge devices and low-
power systems [107]. Compatible with popular frameworks like TensorFlow and
PyTorch, TensorRT offers a suite of optimization techniques aimed at minimizing
memory usage and computational overhead. Leveraging the NVIDIA CUDA parallel
programming model, TensorRT enables developers to enhance inference performance
through quantization, layer fusion, kernel tuning, and other optimization methods
on NVIDIA GPUs. Furthermore, it supports INT8 quantization-aware training, post-
training quantization, and FP16 optimizations.

• TensorFlow Lite is a specialized version of TensorFlow explicitly designed for deploy-
ment on edge-computing and embedded devices [108]. By optimizing for on-device
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operations, TensorFlow Lite addresses crucial constraints such as latency, privacy, con-
nectivity, size, and power consumption, making it ideal for edge-computing scenarios
where real-time processing and data privacy are significant. With hardware accelera-
tion and model optimization techniques, TensorFlow Lite delivers high-performance
inference, ensuring the efficient execution of ML models on resource-constrained
devices.

Comparative Analysis

In the context of deploying ML models on mobile and edge devices, this section compares
the above-mentioned hardware deployment packages in terms of compatibility, performance,
deployment ease, hardware optimization, and community and industry adoption.

In terms of compatibility and interoperability, ONNX stands out for its ability to
facilitate seamless interoperability among various deep learning frameworks. By providing
a standard format for representing ML models, ONNX allows developers to transition
models between TensorFlow, PyTorch, and other platforms. This feature is crucial for
projects that require flexibility across different development frameworks. PyTorch Mobile
and TensorFlow Lite, while primarily integrated with their respective ecosystems, also
support interoperability through ONNX. OpenVINO, with its model converter, supports
models trained on TensorFlow and PyTorch, enhancing its compatibility with various
frameworks. The TensorRT on the other hand is suitable for optimized inferencing on the
NVIDIA hardware and part of NVIDIA’s end-to-end AI development eco-system.

On the subject of performance and optimization, TensorRT leads in high-performance
deep learning inference, leveraging NVIDIA’s CUDA parallel programming model and
optimization techniques like quantization and kernel tuning to achieve significant speedups.
TensorFlow Lite also focuses on optimizing performance for edge devices, supporting
hardware acceleration and model optimization techniques. OpenVINO provides robust
optimization for low-power devices, utilizing Intel’s hardware capabilities. PyTorch Mobile
aims for compactness and performance, but its optimization may not be as advanced as
TensorRT or OpenVINO.

In the context of deployment ease and workflow, TensorFlow Lite and PyTorch Mo-
bile offer streamlined workflows for transitioning from model training to deployment
within their ecosystems. TensorFlow Lite’s broad platform support and comprehensive
APIs simplify deployment across various devices. PyTorch Mobile provides a similar
streamlined experience within the PyTorch ecosystem, emphasizing ease of use. Open-
VINO, while powerful, requires a more detailed understanding of its components and
may present a steeper learning curve. TensorRT, with its advanced optimization features,
also demands familiarity with NVIDIA’s ecosystem, potentially posing challenges for less
experienced developers.

In regard to hardware optimization, TensorRT is highly optimized for NVIDIA GPUs,
enabling enhanced performance through techniques like INT8 quantization and FP16 opti-
mizations. OpenVINO supports a wide range of hardware devices, including Intel CPUs,
ARM CPUs, and Intel GPUs, offering flexibility and scalability. TensorFlow Lite provides
hardware acceleration for various devices, including microcontrollers and smartphones.
PyTorch Mobile, while optimized for mobile devices, may not offer the same level of
hardware-specific optimizations as TensorRT or OpenVINO.

In terms of community and industry adoption, TensorFlow Lite and PyTorch Mobile
benefit from strong community support and comprehensive documentation, driven by
the popularity of the TensorFlow and PyTorch platforms. OpenVINO, backed by Intel,
enjoys robust support within the industry, particularly for edge and embedded applications.
TensorRT, supported by NVIDIA, is widely adopted for high-performance inference tasks,
especially in applications requiring low latency. ONNX, as an open ecosystem, continues
to evolve with widespread support across frameworks and hardware, fostering innova-
tion and collaboration within the AI community. Overall, all of the packages have good
community support and adoption based on the specific target application. On the subject
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of privacy and security, PyTorch Mobile and TensorFlow Lite address these concerns by
enabling on-device ML, reducing the need to transmit data to external servers. PyTorch Mo-
bile’s support for federated learning methodologies further enhances privacy-preserving
functionalities. OpenVINO and TensorRT also support on-device inference, which can help
mitigate the privacy risks associated with cloud-based processing. Table 6 presents the
comparison of the CV packages for hardware deployment.

Table 6. Comparison of Computer Vision (CV) packages for hardware deployment.

Feature PyTorch Mobile OpenVINO ONNX TensorRT TensorFlow Lite

License BSD Apache 2 Apache 2 NVIDIA License Apache 2

Developer Facebook AI
Research Intel Linux Foundation NVIDIA Google

Framework
Comparability PyTorch TensorFlow, PyTorch TensorFlow, PyTorch,

Caffe
TensorFlow, PyTorch,
Caffe TensorFlow

Optimization
Techniques

Pruning,
Quantization Model Conversion Framework

Independent
Quantizations, Layer
Fusion

Quantization,
Operator
Optimization

GPU Support Upcoming Yes (Intel GPUs) Yes Yes (NVIDIA GPUs) Yes

It is essential to examine the cross-platform compatibility of these packages specifically
for SBCs equipped with different types of GPUs. This analysis will assist developers in
selecting the appropriate packages for specific SBCs, as not all packages support various
GPU types uniformly. Figure 2 illustrates the mapping of packages across three different
GPU-based SBCs: those with NVIDIA GPUs, Intel GPUs, and ARM GPUs.

From this mapping, it is evident that NVIDIA GPU-based SBCs offer native, highly
optimized support for TensorRT, making it the recommended package for high-performance
inference. These SBCs also support ONNX Runtime and TensorFlow Lite with GPU
acceleration, though the inference performance is not as optimized. PyTorch Mobile
is partially supported on NVIDIA GPUs, requiring additional configuration and driver
installation for GPU acceleration. However, OpenVINO is not supported on NVIDIA
GPU-based SBCs.
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Figure 2. Cross-platform mapping of CV hardware deployment package against Single-Board
Computers (SBCs).
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In the case of Intel GPU-based SBCs, the OpenVINO package is natively supported
with hardware-specific optimizations, thus recommended for achieving maximum per-
formance. ONNX Runtime is supported with GPU acceleration, while TensorFlow Lite is
partially supported. Conversely, TensorRT and PyTorch Mobile are not compatible with
Intel GPU-based SBCs.

For ARM GPU-based SBCs, both the ONNX and TensorFlow Lite packages are sup-
ported for GPU-accelerated inference, making them the recommended choices for develop-
ment. The PyTorch Mobile, TensorRT, and OpenVINO packages are not compatible with
ARM GPU-based SBCs. It is important to note that, while PyTorch Mobile may not be
compatible, the full PyTorch package can be configured with GPU support.

5. Challenges, Limitations, and Opportunities

As the integration of CV technology into SBCs continues to grow, a number of lim-
itations and challenges must be addressed to fully realize its potential. The SBCs face
significant constraints in computational power, memory, and real-time processing capa-
bilities. Overcoming these challenges is essential for deploying efficient, robust, and
scalable CV solutions. Conversely, ongoing advancements and future opportunities in
edge-computing hardware, optimized algorithms, and AI accelerators hold promise for
enhancing the performance and applicability of CV models in diverse environments. This
section delves into the current limitations and challenges faced by CV implementations on
SBCs, followed by an exploration of future opportunities that could drive innovation and
improvement in this field.

5.1. Current Limitations and Challenges

• Limited Computational Power: SBCs have restricted computational capabilities and
necessitate highly optimized models that balance computational complexity and
performance to maintain real-time processing capabilities. Techniques such as model
pruning, quantization, and knowledge distillation are essential to reduce the model’s
computational footprint while preserving accuracy. Additionally, optimizing the
computational graph and leveraging specialized instruction sets at CUDA level can
further enhance inference performance.

• Memory and Storage Constraints: SBCs often feature limited RAM and non-volatile
storage, which restricts the size and complexity of deployable models. This limitation
requires the deployment of compact neural network architectures (e.g., MobileNets or
SqueezeNet) and efficient memory management strategies to fit models within the
available memory without significantly sacrificing performance. Memory mapping
techniques and in-memory computation strategies are critical for maximizing the
usage of available resources.

• Real-Time Processing: Real-time video analytics on SBCs demands efficient processing
pipelines capable of handling high-resolution video feeds and complex CV tasks with
minimal latency. Techniques like pipeline parallelism, edge-computing strategies, and
the use of lightweight neural networks (e.g., YOLO-lite or Tiny YOLO) are crucial for
achieving the desired throughput and response times. Implementing hardware-level
model optimization and leveraging asynchronous processing can significantly reduce
processing times and enhance real-time capabilities.

• Maintenance and Management: Deploying and managing CV models on distributed
edge devices involve complex challenges related to monitoring, updates, and mainte-
nance. This necessitates the implementation of Over-The-Air (OTA) updates, remote
diagnostics, and automated monitoring systems to ensure continuous operation and
adaptability to evolving requirements. Utilizing containerization (e.g., Docker or Ku-
bernetes) and employing Continuous Integration/Continuous Deployment (CI/CD)
pipelines can streamline the deployment and maintenance processes.

• Heterogeneity in Edge Devices: The diversity of edge devices, each with distinct
hardware capabilities, OS, and software ecosystems, present significant compatibil-
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ity challenges. Developing universally compatible CV models requires using cross-
platform development frameworks, and leveraging hardware abstraction layers to
ensure consistent performance across different devices. Implementing device-specific
optimizations and leveraging cloud-based orchestration can further enhance compati-
bility and performance.

• Heat Management in SBCs: SBCs often rely on passive cooling mechanisms, which
may be insufficient for systems running 24/7. Continuous operation under high
computational loads can lead to overheating, resulting in thermal throttling or system
failures. Even active cooling solutions may not provide adequate heat dissipation,
necessitating the design of efficient thermal management strategies, such as heat sinks,
heat pipes, and advanced cooling systems, to ensure reliable long-term operation.

• Power Consumption: SBCs designed for remote applications must contend with high
power consumption, which can make them unsuitable for scenarios where energy
efficiency is critical. Optimizing power usage through efficient hardware design,
low-power components, and dynamic power-management techniques is essential
to extend operational uptime and reduce overall energy costs. The integration of
energy-efficient processors and peripherals, coupled with software optimizations for
minimal power consumption during idle and active states, is crucial for enhancing the
practicality of SBCs in remote deployments.

5.2. Future Opportunities

• Advancements in Edge-Computing Hardware: The development of next-generation
embedded hardware, featuring more powerful processors, enhanced memory, and
efficient energy utilization, will facilitate the deployment of more sophisticated CV
models. Innovations in the GPU architectures and dedicated AI accelerators will
further enhance the performance of SBC.

• Optimized Deep Learning Algorithms: The development of light-weight and yet
efficient CV models specifically for mobile deployment is an active area of research.
In addition, advancements in model optimization and quantization techniques will
enable high-performance inference on SBCs.

• Integration of AI Accelerators: Embedding dedicated AI accelerators, such as Google’s
Edge TPU, Intel’s Movidius, and NVIDIA’s Tensor cores, into edge devices will
dramatically enhance inference speed and energy efficiency, enabling the real-time
processing of more complex CV tasks directly on the edge. These accelerators provide
specialized hardware designed to accelerate common deep learning operations (e.g.,
matrix multiplications and convolutions) and support parallel processing, significantly
boosting performance. Elevated performances have already been observed for the
latest NVIDIA Jetson boards with dedicated Tensor cores.

• Offline Functionality: Enhancements in edge-computing capabilities will allow CV
systems to perform critical tasks offline, ensuring continuous operation even in the ab-
sence of stable network connectivity. This is particularly advantageous for applications
in remote areas or environments with unreliable internet access, where uninterrupted
real-time processing is essential. Developing robust fallback mechanisms and local
data-storage solutions will support seamless offline functionality.

• Intelligent Power Management: Power management in SBCs stands out as a critical
challenge that requires immediate attention to extend operational times effectively.
Future research directions are increasingly focusing on AI-oriented approaches to
power management and optimization at the device level. These approaches aim to
leverage AI techniques such as ML and reinforcement learning to dynamically adjust
power consumption based on workload demands and environmental conditions.
Optimizing at the device level involves developing energy-efficient hardware designs
and implementing intelligent power-saving algorithms.
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6. Conclusions

In the field of SBCs, NVIDIA, ASUS, and Libre have emerged as the primary manu-
facturers, with NVIDIA leading the pack due to its advancements in GPU architectures.
Comparative analysis across various performance-oriented specifications suggests that all
the SBCs except NVIDIA Jetson TX2, NVIDIA Jetson NX, and NVIDIA Jetson Orin AGX are
only suitable for entry-level CV tasks because of limited memory, old generation GPUs, and
inefficient cooling mechanisms. Although the latest SBCs from the NVIDIA Jetson series
(i.e., NVIDIA Jetson Orin Nano, NVIDIA Jetson Orin AGX, and NVIDIA Jetson Xavier
NX) comes with the latest generation of GPU architectures and dedicated Tensor cores for
AI tasks, they come at a higher price value (e.g., entry-level NVIDIA Jetson Orin Nano
at USD 800). The deployment of CV models on SBCs faces challenges, including limited
computational resources and real-time processing demands. To address these challenges,
various model-level optimization techniques such as model quantization, compression,
pruning, knowledge distillation, and federated learning have been explored. Development
libraries such as TensorFlow, PyTorch, Caffe, OpenCV, scikit-image, and Simple CV have
gained prominence, with TensorFlow and PyTorch emerging as clear leaders. PyTorch
holds a slight advantage due to its customization capabilities and ease of development at
the core level. For development frameworks, Detectron2, TAO Toolkit, OpenMMLab, and
Ultralytics have risen to prominence for training and exporting CV models. OpenMMLab
leads in terms of the availability of the latest models and diverse CV tasks, although it
may require additional optimization for deployment on leading NVIDIA Jetson boards.
Conversely, TAO Toolkit offers a range of pre-built and tested export models, facilitat-
ing seamless integration with NVIDIA Jetson boards for optimal performance. Several
packages have been specifically tailored for exporting models for SBC deployment, includ-
ing PyTorch Mobile, OpenVINO, ONNX, TensorRT, and TensorFlow Lite. Among these,
TensorRT stands out within the NVIDIA ecosystem, delivering superior performance on
Jetson boards compared to other alternatives. The cross-platform mapping of hardware
deployment packages against the SBCs reveals that TensorRT with NVIDIA GPU-based
SBCs and OpenVINO with Intel GPU-based SBCs are highly compatible combinations with
native hardware level support. ONNX, on the other hand, can run on all the SBCs with GPU
support; however, the inference will not be highly optimized at the hardware scale. Limited
computational power, memory constraints, lack of real-time processing capability, ineffi-
cient power management, and outdated heat management are some highlighted limitations
of SBCs in the context of CV solutions. Future research directions include the development
of innovative GPU architectures, hardware-specific optimized CV algorithms, integration
of AI accelerators, improved heat management designs and AI-driven power-management
strategies. In the context of the presented review, a detailed hardware scale benchmarking
against the range of CV tasks in future will provide a more technical comparison of the
available SBCs.
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Abbreviations
The following abbreviations are used in this manuscript:

CV Computer Vision
GPU Graphical Processing Unit
CNN Convolutional Neural Network
SBC Single-Board Computer
CUDA Compute Unified Device Architecture
LiDAR Light Detection and Ranging
AI Artificial Intelligence
ARM Advanced RISC Machine
CPU Central Processing Unit
GPIO General-Purpose Input/Output
DSI Display Serial Interface
MIPI Mobile Industry Processor Interface
CSI Camera Serial Interface
HDMI High-Definition Multimedia Interface
USB Universal Serial Bus
RAM Random Access Memory
eMMC Embedded Multi-Media Card
microSD Micro Secure Digital
ML Machine Learning
TPU Tensor Processing Unit
LPDDR Low-Power Double Data Rate
I/O Input/Output
LAN Local Area Network
IoT Internet of Things
UART Universal Asynchronous Receiver/Transmitter
PCIe Peripheral Component Interconnect Express
SO-DIMM Small Outline Dual Inline Memory Module
EVE Embedded Vision Engine
NPU Neural Processing Unit
ONNX Open Neural Network Exchange
SMC Secure Multiparty Computation
Caffe Convolutional Architecture for Fast Feature Embedding
BAIR Berkeley AI Research
FAIR Facebook AI Research
NGC NVIDIA GPU Cloud
OVC OpenVINO Model Converter
OTA Over The Air
CI/CD Continuous Integration/Continuous Deployment

References
1. Lürig, M.D.; Donoughe, S.; Svensson, E.I.; Porto, A.; Tsuboi, M. Computer vision, machine learning, and the promise of phenomics

in ecology and evolutionary biology. Front. Ecol. Evol. 2021, 9, 642774. [CrossRef]
2. Zhu, L.; Spachos, P.; Pensini, E.; Plataniotis, K.N. Deep learning and machine vision for food processing: A survey. Curr. Res.

Food Sci. 2021, 4, 233–249. [CrossRef]
3. Iqbal, U.; Perez, P.; Li, W.; Barthelemy, J. How computer vision can facilitate flood management: A systematic review. Int. J.

Disaster Risk Reduct. 2021, 53, 102030. [CrossRef]
4. Akbari, Y.; Almaadeed, N.; Al-Maadeed, S.; Elharrouss, O. Applications, databases and open computer vision research from

drone videos and images: A survey. Artif. Intell. Rev. 2021, 54, 3887–3938. [CrossRef]
5. Paletta, Q.; Terrén-Serrano, G.; Nie, Y.; Li, B.; Bieker, J.; Zhang, W.; Dubus, L.; Dev, S.; Feng, C. Advances in solar forecasting:

Computer vision with deep learning. Adv. Appl. Energy 2023, 11, 100150. [CrossRef]
6. Gunawardena, N.; Ginige, J.A.; Javadi, B. Eye-tracking technologies in mobile devices Using edge computing: A systematic

review. ACM Comput. Surv. 2022, 55, 1–33. [CrossRef]
7. Barthélemy, J.; Verstaevel, N.; Forehead, H.; Perez, P. Edge-computing video analytics for real-time traffic monitoring in a smart

city. Sensors 2019, 19, 2048. [CrossRef] [PubMed]

http://doi.org/10.3389/fevo.2021.642774
http://dx.doi.org/10.1016/j.crfs.2021.03.009
http://dx.doi.org/10.1016/j.ijdrr.2020.102030
http://dx.doi.org/10.1007/s10462-020-09943-1
http://dx.doi.org/10.1016/j.adapen.2023.100150
http://dx.doi.org/10.1145/3546938
http://dx.doi.org/10.3390/s19092048
http://www.ncbi.nlm.nih.gov/pubmed/31052514


Sensors 2024, 24, 4830 31 of 34

8. Iqbal, U.; Barthelemy, J.; Perez, P.; Davies, T. Edge-computing video analytics solution for automated plastic-bag contamination
detection: A case from remondis. Sensors 2022, 22, 7821. [CrossRef]

9. Papini, M.; Iqbal, U.; Barthelemy, J.; Ritz, C. The role of deep learning models in the detection of anti-social behaviours towards
women in public transport from surveillance videos: A scoping review. Safety 2023, 9, 91. [CrossRef]

10. Iqbal, U.; Bin Riaz, M.Z.; Barthelemy, J.; Perez, P. Artificial Intelligence of Things (AIoT)-oriented framework for blockage
assessment at cross-drainage hydraulic structures. Australas. J. Water Resour. 2023, 1–11. [CrossRef]

11. Feng, X.; Jiang, Y.; Yang, X.; Du, M.; Li, X. Computer vision algorithms and hardware implementations: A survey. Integration
2019, 69, 309–320. [CrossRef]

12. Plastiras, G.; Terzi, M.; Kyrkou, C.; Theocharidcs, T. Edge intelligence: Challenges and opportunities of near-sensor machine learn-
ing applications. In Proceedings of the 2018 IEEE 29th International Conference on Application-Specific Systems, Architectures
and Processors (ASAP), Milano, Italy, 10–12 July 2018; IEEE: Piscataway, NJ, USA, 2018; pp. 1–7.

13. Yu, W.; Liang, F.; He, X.; Hatcher, W.G.; Lu, C.; Lin, J.; Yang, X. A survey on the edge computing for the Internet of Things. IEEE
Access 2017, 6, 6900–6919. [CrossRef]

14. Himeur, Y.; Sayed, A.; Alsalemi, A.; Bensaali, F.; Amira, A. Edge AI for Internet of Energy: Challenges and perspectives. Internet
Things 2023, 25, 101035. [CrossRef]

15. Nastic, S.; Rausch, T.; Scekic, O.; Dustdar, S.; Gusev, M.; Koteska, B.; Kostoska, M.; Jakimovski, B.; Ristov, S.; Prodan, R. A
serverless real-time data analytics platform for edge computing. IEEE Internet Comput. 2017, 21, 64–71. [CrossRef]

16. Wang, F.; Zhang, M.; Wang, X.; Ma, X.; Liu, J. Deep learning for edge computing applications: A state-of-the-art survey. IEEE
Access 2020, 8, 58322–58336. [CrossRef]

17. Pandey, M.; Fernandez, M.; Gentile, F.; Isayev, O.; Tropsha, A.; Stern, A.C.; Cherkasov, A. The transformational role of GPU
computing and deep learning in drug discovery. Nat. Mach. Intell. 2022, 4, 211–221. [CrossRef]

18. Dally, W.J.; Keckler, S.W.; Kirk, D.B. Evolution of the graphics processing unit (GPU). IEEE Micro 2021, 41, 42–51. [CrossRef]
19. Gill, S.S.; Wu, H.; Patros, P.; Ottaviani, C.; Arora, P.; Pujol, V.C.; Haunschild, D.; Parlikad, A.K.; Cetinkaya, O.; Lutfiyya, H.; et al.

Modern computing: Vision and challenges. Telemat. Inform. Rep. 2024, 13, 100116. [CrossRef]
20. Varghese, B.; Wang, N.; Bermbach, D.; Hong, C.H.; Lara, E.D.; Shi, W.; Stewart, C. A survey on edge performance benchmarking.

Acm Comput. Surv. (CSUR) 2021, 54, 1–33. [CrossRef]
21. Afif, M.; Said, Y.; Atri, M. Computer vision algorithms acceleration using graphic processors NVIDIA CUDA. Clust. Comput.

2020, 23, 3335–3347. [CrossRef]
22. Sctorptec. ASUS Tinker Board S Revision 2.0. Available online: https://www.scorptec.com.au/product/motherboards/

development-kits/100884-tinker-board-s-r2.0-a-2g-16g?gad_source=1&gclid=CjwKCAjww_iwBhApEiwAuG6ccFwXvZeXVq9
ruR1A6GPsy1Mnyl_Y0fGq80Y7QUnYKUYRhi-sVY8-FBoCuf4QAvD_BwE (accessed on 22 February 2024).

23. DigiKey. ASUS Tinker Edge T. Available online: https://www.digikey.com/en/products/detail/asus/TINKER-EDGE-T/1400
5964 (accessed on 15 February 2024).

24. RSOnline. ASUS Tinker Board 2. Available online: https://uk.rs-online.com/web/p/single-board-computers/2657193 (accessed on 16
February 2024).

25. rutronik. ASUS Tinker Board 3N. Available online: https://www.rutronik24.com/product/asus/tinker+board+3n/21508431
.html (accessed on 22 February 2024).
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