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In the Internet of Things (IoT) era, there will be an enormous 
amount of data generated from various sensors and other 
similar devices physically distributed throughout networks 

and systems, such as smart grids, smart homes, and autonomous 
vehicles [1], [2]. Today, most of these networks (or systems) often 
collect and send these data directly to the cloud infrastructure, 
which comprises centralized data centers for processing, analyz-
ing, and storing the data. However, traditional cloud infrastruc-
tures face serious challenges when transmitting, processing, and 
analyzing this massive amount of data. As illustrated in Figure 1,  
these challenges include insufficient bandwidth, high latency, 
unsatisfactory real-time response, high power consumption, and 
privacy-protection issues [3]. Edge-centric computing is emerg-
ing as a complementary solution to address the aforemen-
tioned issues of the cloud infrastructure [4], thus reducing (or 
eliminating) the overall communication overhead and response 
latency of the corresponding networks and systems and enhancing 

the performance (i.e., processing power) and the scalability of 
systems [5].

Edge Computing
With edge computing, data processing and analysis can be done 
closer to the source of the data (i.e., at the edge of the networks, 
as shown in Figure 2), which, in turn, enables real-time, in situ 
data analytics and processing [1], [2]. Furthermore, preprocess-
ing the data at the edge, prior to sending these data to the cloud, 
addresses the insufficient bandwidth issues [4]. Processing and 
analyzing the data at the edge can also enhance the privacy and 
security of the data compared to that of the cloud infrastruc-
ture because the raw data are not transmitted through unsecured 
networks of the cloud [4]. In addition, wireless communication 
modules utilized to transmit the data from the edge devices to the 
cloud are often power hungry, whereas the edge devices are typi-
cally energy constrained; hence, performing some data analytics 
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Figure 1: A conventional cloud infrastructure faces serious challenges when transmitting, processing, and analyzing massive amounts of data 
generated from variety of sources. These challenges include insufficient bandwidth, high latency, unsatisfactory real-time response, high power 
consumption, and privacy-protection issues.

Markets and Social Networks

Large Science Data

Smart Traffic Network

Smart Electrical Grid

Gadgets and Devices

High Latency

High Power Consumption

Unsatisfactory Real-Time Response

Insufficient Bandwidth

Privacy and Security

Cloud

Servers

Databases

Networks

Figure 2: The concept of edge computing. The cloud infrastructure often consists of large data centers, server farms, and data storage. The cloud 
infrastructure can be used as the final stage for processing, analyzing, and storing big data. The edge nodes typically consist of routers, base stations, 
and switches. The edge nodes can be used as the intermediate stage for certain types of data analysis/mining prior to sending the data to the cloud. 
The edge devices usually consist of wearables, smartphones, cameras, and many other smart devices. The edge devices can be used as the initial 
stage for real-time data processing, including data preprocessing, data filtering, optimization, on-the-fly decision making, and so on. The edge devices 
comprise various sensors for real-time data collections. The edge devices can be used to connect to the cloud, either via edge nodes or directly.
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and processing at the edge would be more 
energy efficient [1].

Real-Time Data Analytics
In many scenarios and often in experi-
mental setups, data scientists and data 
analysts process enormous amounts of 
data without considering the real-time 
constraints. In these cases, the data are 
typically being processed offline (not 
in real time) for days, or even months, 
depending on the processing power 
of the computing platforms utilized. 
However, for many real-world scenar-
ios, the data need to be processed in 
situ with real-time constraints, and the 
results must be available within strict 
time limits, for the subsequent analysis 
or actions to reap the actual benefits 
[6]. Real-time and in situ data analysis 
and processing are imperative in many 
edge-computing applications, includ-
ing smart energy grid management 
and autonomous vehicles. For instance, 
autonomous vehicles typically produce 
gigabytes of data per second, and these 
data need to be processed in real time 
for these vehicles to make correct, 
split-second decisions on the fly [1]. In 
this case, the high (round-trip) latency 
associated with sending the data to 
the cloud and processing and receiv-
ing a response can lead to catastrophic 
 scenarios [1].

Issues of Processor-Based 
Systems
Most of the existing algorithms and 
techniques for data mining/analytics are 
typically processor-based, software-only 
designs [7], [8]. They are designed for 
general-purpose computers (such as desk-
tops and servers) and consist of CPUs; 
thus, they are often incapable of analyz-
ing and processing enormous amounts 
of data efficiently and effectively. As a 
result, these software algorithms and 
techniques might be incapable of being 
executed directly on next-generation 
edge-computing platforms in their cur-
rent form. These processor-based designs 
have high execution overhead because 
each instruction has to be fetched from 
the memory, decoded, and then executed 
[9]. Furthermore, due to this instruction 
fetch-decode-execute cycle overhead and 
because of general-purpose circuits, the 
power consumption of a processor-based 
design is much higher than special-pur-
pose (or customized) hardware [9]. A sur-
vey done in [10] demonstrated that pure  
processor-based, software-only comput-
ing platforms, including multiprocessor, 
multicore, general-purpose GPUs, are 

simply not sufficient to handle this enor-
mous amount of data.

As stated in [11] and [12], at the edge, 
the processing power needed to analyze 
and process such an enormous amount of 
data will soon exceed the growth rate of 
Moore’s law. As a result, edge-computing 
frameworks and solutions, which current-
ly solely consist of CPUs, will be inad-
equate to meet the required processing 
power. Although they could potentially 
meet the processing power requirements, 
GPUs are extremely power hungry and 
have limited energy efficiency [13].

Need for Novel Solutions
All of the aforementioned facts illustrate 
that the existing algorithms and tech-
niques used for data mining/analytics and 
the conventional computing platforms 
utilized for current edge-computing plat-
forms will not suffice to process and ana-
lyze this ever-increasing data as well as to 

handle the associated complex computa-
tional problems efficiently and effectively.

Consequently, novel, unique, and inno-
vative architectures, methodologies, and 
techniques are required to propel edge 
computing from its infancy to support and 
accelerate real-time, in situ data mining/
analytics on next-generation edge-com-
puting platforms that are heterogeneous in 
nature, considering the constraints associ-
ated with the computing platforms and 
requirements of the edge applications.

Special-Purpose  
Architectures
In this case, apart from algorithmic devel-
opment, it is imperative to incorporate 
some special-purpose (or customized) 
hardware (and/or software) architec-
tures and techniques into next-gen-
eration edge-computing platforms. Unlike  
general-purpose, process-based designs, 
customized hardware architectures 
are optimized for specific applications 
and avoid the instruction fetch-decode-
execute cycle overhead. Furthermore, 
special-purpose hardware provides supe-
rior speed performance and consumes 
less power than equivalent software run-
ning on a general-purpose processor [9]. 
As operating frequency is directly pro-
portional to dynamic power consump-

tion, high-performance processors often 
consume high power [9]. Also, custom-
ized circuits are usually function specific 
and occupy less hardware space on a chip 
compared to the circuitry of a general-
purpose processor. As a result, they are 
more suitable for resource-constrained 
edge-computing platforms.

Reconfigurable  
Architectures
To provide the flexibility required in an 
ever-changing application environment, 
it is also crucial to incorporate reconfigu-
rable (adaptive) hardware (and/or soft-
ware) architectures into next-generation 
edge-computing platforms. Reconfigu-
rable hardware has advantages similar to 
those of special-purpose hardware: pro-
viding efficient and customized circuits 
and avoiding the instruction fetch-decode-
execute cycle overhead as in a processor, 
thus leading to low power and high perfor-

mance [9]. Apart from having advantages 
similar to those of customized hardware, 
reconfigurable computing systems, such as 
field-programmable gate arrays (FPGAs), 
have added advantages, including reusing 
the on-chip hardware circuitry to perform 
variety of tasks and reducing the time to 
market and design time due to their flex-
ibility and programmability postfabrica-
tion. Our analysis [9] demonstrated that 
FPGA-based reconfigurable hardware 
provides numerous advantages, including 
flexibility, durability, upgradeability, com-
pact circuits, reduced time to market, and 
relatively low cost, which are important 
to support real-time, in situ data analyt-
ics/mining on next-generation edge-com-
puting platforms. In this case, multiple 
applications and tasks can be executed 
on a single FPGA by dynamically recon-
figuring the hardware on chip from one 
application/task to another as needed.

FPGA-Based Edge Computing
Several studies illustrate that FPGA-based 
systems are being considered as viable 
solutions for future edge-computing 
platforms and devices [14], [15]. There 
are several key advantages to adopting 
FPGAs for edge computing over other 
computing systems. For instance, FPGAs 
provide superior performance because 

Real-time and in situ data analysis and processing are 
imperative in many edge-computing applications, including 
smart energy grid management and autonomous vehicles. 



12    Spring / Printemps 2021 

they leverage spatial and temporal par-
allelism and fine- and coarse-grain par-
allelism in computations and in massive  
scale [16]–[18], which, in turn, would 
accelerate high-concurrency, high-depen-
dency algorithms and applications at the 

edge [12]. In addition, FPGAs typically 
provide a steady throughput to the appli-
cation’s workload size (unlike GPUs) 
and also with a reduced latency, which 
is imperative for integrating and address-
ing requests from various IoT sensors 
(or devices) in the network [19]. Further-
more, FPGAs consume significantly 
less power than that of CPUs and GPUs 
to execute the same edge applications, 
which is crucial for small-footprint edge 
devices/platforms [20]. Most importantly, 
FPGAs provide hardware flexibility (i.e., 
reconfigurable postfabrication); hence, 
with FPGA-based edge computing, we  
can dynamically upgrade processing 
power, enable scalability, modify and opti-

mize the features and resources as needed, 
and adapt to any algorithmic characteris-
tics, which is important for edge workloads 
and applications [21]–[23]. The aforemen-
tioned facts illustrate that FPGA-based 
systems comprise numerous traits and 

advantages that are important for realizing 
next-generation edge-computing platforms.

Envisioning Next-Generation 
Edge-Computing Platforms
We envision that next-generation, hetero-
geneous edge-computing platforms will 
ultimately consist of multiple comput-
ing systems, especially including multiple 
FPGAs that provide the required recon-
figurability, and also GPUs, application-
specified integrated circuits, and CPUs. 
These multiple systems will be distributed 
throughout the platform with distributed 
and shared memory systems and con-
nected by a network of interconnections. 
Furthermore, we envision that novel and 

innovative techniques and methodologies 
will be introduced and incorporated to 
make next-generation edge-computing 
platforms smart and autonomous enough 
to seamlessly and independently process 
and analyze data in real time, with mini-
mal or no human intervention. As illus-
trated in Figure 3, the architectures and 
techniques will be created to dynamically 
reconfigure the whole platform globally, 
and to dynamically reconfigure some sys-
tems locally, to provide the necessary self-
adaptive, self-healing, and self-correcting 
traits required for edge applications. The 
global and local reconfigurations (as in 
Figure 3) will be performed dynamically 
without interrupting the system opera-
tions. The interconnection network will 
also be reconfigurable. We also envision 
that machine and deep learning tech-
niques will be created and incorporated 
to further enhance the smart, autonomous, 
and adaptive features of the next-generation 
edge-computing platforms. ■
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