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Abstract
Edge computing, the notion of moving computational tasks
from servers to the data-generating network edge, is an
increasingly popular model for data processing. 5G wire-
less technologies offer an opportunity to enable complex
distributed edge computing workflows by minimizing the
overhead incurred in transmitting data to peer devices. In
this work, we demonstrate the use and performance of edge
devices in distributed computation workloads using Hadoop
MapReduce on a cluster of six 5G-connected Raspberry Pis.
Specifically, we first determine the network capabilities (i.e.,
latency and throughput) across millimeter wave (mmWave)
5G links and then analyze the scalability and performance
of our cluster. Our experiment uses 5G radios at the Agricul-
tural and Rural (ARA) Wireless Living Lab, spanning over
six miles in diameter.

CCS Concepts: • Networks → Network experimenta-
tion.
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1 Introduction
Edge computing enables on-site processing of tasks usually
handled by remote servers, reducing network overhead. This
approach leverages "edge" technologies, often Internet of
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Things (IoT) devices with modest compute capabilities, to
enhance their utility [? ]. Edge devices can often generate
large amounts of data, whichwould traditionally be offloaded
to a server to be processed. However, issues arise once the
data collected by an edge device is too large, or the com-
putation is too expensive, to be processed by a single edge
device. A common approach would be to transmit the data
to the cloud and forgo edge computing altogether. Another
approach would be to leverage the computational capabili-
ties of these networked edge devices to process the data in
a distributed architecture. 5G wireless technology offers a
promising method to optimize this form of edge-based dis-
tributed computing. By accelerating the transmission speed
and offering miles of connectivity, 5G can extend the scope of
these computation workloads in an efficient manner. In this
work, we conduct experiments over a distributed network of
Raspberry Pi 4 Single Board Computers (SBCs) to determine
network capabilities and to perform standard data process-
ing becnhmarks using Apache Hadoop [? ]. We measure
5G rural wireless technologies and implement MapReduce
[? ], a versatile and widely used server technology, mak-
ing our results broadly applicable. Our analysis, conducted
with equipment from the NSF-supported ARA Wireless Liv-
ing Lab [? ], ensures reproducibility of our 5G experiments
through open-source Docker containers, supported by the
FLOTO [? ] fleet management software for large-scale field
deployments.

2 Approach
To allow a distributed computation workload, we deployed
six FLOTO instruments within the ARA testbed. ARA pro-
vides an extensive 5G radio infrastructure. This infrastruc-
ture is extended through several locations, including research
farms, and city buses in Ames, Iowa accross the Iowa State
University campus. FLOTO devices are located in a six-mile
radius, connected to Aviat, Skylark, and USRP 5G radios,
and supporting millimeter wave (mmWave) and microwave
transmission. Figure 1 shows our deployment distribution.

2.1 Experimental setup
Each devices was equipped with GT-U7 GPS receivers for
precise time synchronization. This allows a precise one-way
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Figure 1. Map of deployment of devices in Ames, Iowa. The
leftmost devices are at an Iowa State research farm and the
rightmost in the city of Ames.

latency measure between 5G-connected devices. An alter-
native method without hardware accessories would be to
synchronize the system clocks using Network Time Protocol
(NTP) [? ]. However, NTP is less suitable for our latency
experiments due to its reliance on the clocks of other com-
puters on the network, which will To remotely manage and
deploy applications to our devices, we leverage the FLOTO
fleet management software, which is based on OpenBalena
and k3s. face a latency delay in transmitting to any device.
Our architecture also leverages CHI@Edge [? ], a Chameleon
edge device testbed, which allows us to compare the 5G sys-
tem with a wired baseline.

3 Evaluation
We conducted performance evaluations for the GPS-based
time synchronization, the 5G network links, and Pi Hadoop
clusters of varying sizes.

5 10 15 20
−2,000
−1,000

0

1,000
2,000

Time

Ti
m
e
O
ffs
et

(n
s)

GPS-based Time Offset

5 10 15 20
−10
−5
0
5
10

Time

Ti
m
e
O
ffs
et

(m
s)

Time Offsets by Method

GPS
NTP

Figure 2. Precision of time synchronization mechanisms in
broad daylight with a clear line of sight to the sky.

Path Dist. (mi) Throughput (Mbps) Latency (ms)
1 → 2 6.55 752 0.642
3 → 2 6.55 32.6 14.792
4 → 2 1.08 928 0.571
5 → 2 6.55 62.7 17.525
6 → 2 0.91 9.21 15.124
1 → 4 6.44 70.9 0.702
3 → 4 6.44 32.5 12.893
5 → 4 6.44 60.7 22.182
3 → 1 0.12 30.3 18.882
5 → 1 0.12 44.8 18.081

Figure 3. 5G network link speeds. Devices 1, 3, and 5 are
located at the research farm and devices 2, 4, and 6 are at
Iowa State University’s main campus.
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Figure 4. Performance of the 5G distributed network using
TeraSort, a standard Hadoop benchmark that sorts a dataset
with arbitrary size.

4 Conclusion
Our experimental results indicate that the use of 5G in edge-
based distributed computation does not significantly hinder
the performance of the TeraSort benchmark. However, the
network overhead in this architecture may be greater with
more worker nodes due to the requirement to synchronize
the data across devices using the Hadoop Distributed File
System (HDFS). Additionally, we measured the latency and
throughput of wireless connectivity over millimeter radio
wave connections and compared the efficacy of network- and
GPS-based time synchronization methods. Opportunities for
futurework include comparing different 5G link technologies
for this use case, as well as modifying our architecture to
work with other distributed computation tools, such as MR-
Edge [? ].
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