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Abstract. We propose a framework for a collaborative processing of
resource intensive services among Internet of Things (IoT) devices. Our
goal is to optimize the use of this type of devices, particularly those
being underutilized. The infrastructure bellow our framework is typically
built with heterogenous appliances that have specific functions and the
idea is to minimize the need for software updates and other changes,
trying to use their spare resources with minimal interference. We base
our solution in a pragmatic approach to task offloading based in the
Erlang programming language.
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1 Introduction

Given the ubiquity of Internet of Things (IoT) devices and their strong prolifera-
tion [3] many opportunities appear in exploring their potentialities, namely their
connectivity and computational power [11]. The quantity of data produced by
a variety of data sources and sent to end systems to further processing is grow-
ing significantly, increasingly demanding more processing power. The challenges
become even more critical when a coordinated content analysis of the data sent
from multiple sources is necessary. Thus, with a potentially unbounded amount
of stream data and limited resources, some of the processing tasks may not be
satisfyingly answered, guaranteeing a desired level of performance.

Computation offloading is recognized as a promising solution by migrating a
part or an entire application to a remote server in order to be executed there.
Various models and frameworks have been proposed to offload resource intensive
components of applications for a more efficient execution [7,9,13]. These solu-
tions rely on the concept of offloading to the cloud. However, due to the increase
of hardware capabilities of IoT devices and their proliferation, making it com-
mon to have several of these devices in the same area, offloading to the cloud is
not always a necessity if the available resources of these devices are wisely used.
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The study of scenarios where heterogeneous nodes with unknown resources are
aggregated in a collaborative effort to achieve some goal was the subject of works
such as [10] where some sort of data analysis is needed to estimate each node
capacity and distribute work wisely.

Functional programming is an established approach to implement parallel
and distributed systems [2]. The minimization of the need of a shared state
enables code distribution and parallel processing which fosters the development
of easily scalable systems. Due to the rise of multicore and distributed sys-
tems, functional programming spread its influence through many mainstream
languages [14,15] and is used in major cloud infrastructures such as the AWS
Lambda [4]. In particular, Erlang [1] due to its simplicity and strong support for
fault tolerant distributed programming, is seen as a promising language for IoT
applications [8].

In this paper, we propose an Erlang-based framework for parallel processing
of tasks in a cluster of IoT devices. These devices are able to communicate and
report their resource availability, accepting computational tasks for execution.
The goal is to have one of the connected devices requesting to offload tasks and
relying on a module that coordinates all the communication process and does
a balanced scheduling of tasks based on their estimate computational cost and
the device’s availability in terms of computational power.

Distributing tasks implies knowing what nodes are available for this collabo-
rating process, the amount of resources each node can offer and the approximate
complexity of each task. These information will allow us to decide which node is
the best one to process a given task. Note that we want to keep the changes at
the node level minimal in order to not compromise its original function. Thus,
we consider the use of resource reservation approaches [5,12] at the operating
system level. A paradigm based on resource reservation can endow applications
with timing and throughput guarantees independent of the behavior of other
applications, and can be employed across all system resources including proces-
sor cycles, communication bandwidth, disk bandwidth, and storage. This way,
IoT devices can cooperate and execute offloaded tasks while being able to estab-
lish the maximum amount of resources that can eventually be at use by the
proposed framework.

This paper is organized as follows. In the next section, we introduce the sys-
tem model with the formal definitions for the network, communication protocol
and scheduling behavior. Then, we describe the implementation of our system,
and finally, we evaluate the results and conclude the paper.

2 System Model

Here we describe the system model of our framework by introducing formal
definitions along with several considerations about its behavior. It is important to
note that it is the programmer’s responsibility to identify decomposable problems
that can be used in this scenario. Our system is presented in a very simplified
high level description in Fig. 1 and described next:
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Data decomposition and assignment of data to nodes: Work is decom-
posed in several pieces, where the number of pieces is a function of the number
of available nodes, and their size is proportional to each node’s performance
index.

Communication and failure management: There is the need to send data
to process to chosen nodes, wait for the results and manage their eventual
failures. Whenever a node fails, the work that was not processed goes back
to the decomposition phase as a new instance of the process.

Mapping of results: Final result computation and its return to the application.

Fig. 1. Cooperative task execution overview

We now proceed with some definitions.

Definition 1 (Task). We define a task ti as a λ function. By nature, it will
have no side effects and can be executed in parallel with other λ functions.



296 J. Coelho and L. Nogueira

In the remaining of this paper we will use the term task and lambda function
for describing the same unit of execution and we use the term IoT device and
node with the same meaning.

A device that needs to offload tasks to others can rely on a cluster of IoT
devices for accomplishing this goal. We now define a cluster which is the set of
nodes currently available, meaning they are currently accepting tasks to execute.

Definition 2 (Cluster of IoT devices). Given an IoT device, we represent
it by a node ni. A cluster has a number of nodes which can be variable during
the execution of a computational intensive application and is defined as S =
{n1, . . . , nk}, where k ≥ 1 and ni ∈ S is one of the nodes currently available. The
nodes can enter and leave the cluster at anytime as result for example of power
failure (in case of leaving) or a new device is turned on (in case of entering).

Computation platforms now integrate hundreds to thousands of processing cores,
running complex and dynamic applications that make it difficult to foresee the
amount of load they can impose to those platforms. Therefore, resource alloca-
tion is one of the most complex problems in large multi-processor and distributed
systems, and in general it is considered NP-hard.

Elementary combinatorics provides us with evidence of the problem of scale.
For a simple formulation of the problem of allocating jobs to processors (one-
to-one allocation), one can see that the number of allocations grows with the
factorial of the number of jobs and processors.

To cope with dynamism, a dynamic approach to resource management is
the most obvious choice, aiming to dynamically learn and react to changes to
the load characteristics and to the underlying computing platform. A static
allocation decided before deployment based on the (nearly) complete knowledge
about the load and the platform, is not viable. It is then evident that optimal
resource allocation algorithms cannot cope with this type of problem, and that
lightweight heuristic solutions are needed. A comprehensive survey of the kinds
of resource allocation heuristics that can cover different levels of dynamicity,
while coping with the scale and complexity of high-density many-core platforms
is available in [5].

A cluster of nodes can be ordered from the more powerful to the less powerful
by evaluating their capabilities in terms of processing power and memory. Our
option was to adopt a pragmatic approach, by implementing a simple heuristic
function that relates clock speed, available CPU, number of cores and available
RAM. Details on how we get this data are described in the implementation
section. We now define the device performance index.

Definition 3 (Device Performance Index). We define function P that given
a node ni, its CPU speed Csni

measured in Ghz, the number of cores Ccni
, the

available CPU capacity Cani
(measured in a number between 0 and 1), the avail-

able RAM Mni
measured in Gigabytes and the remaining battery Bni

(measured
in a number between 0 and 1), returns the value P(ni) that is a numerical esti-
mate for ni performance based on the following formula:
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P = α ∗ (Csni
∗ Ccni

∗ Cani
) + β ∗ Mni

+ δBni

This is an easy to compute value that, even if it is a relatively rough approx-
imation, is enough to distinguish node capacity without the burden of online
benchmarking. It is also a programmer responsibility to define adequate values
for the α, β and δ to produce adequate value for his/her application.

Example 1. Given a node n0 reporting the following data: Csn0 = 1.4, Ccn0 = 4,
Can0 = 0.6, Mn0 = 0.37 and without battery information and given α = β = 0.5,
the application of the formula results in:

P = 0.5 ∗ (1.4 ∗ 4 ∗ 0.37) + 0.5 ∗ 0.6 = 1.336

Example 2. Given a node n1 reporting the following data: Csn1 = 1.5, Ccn1 = 4,
Can1 = 0.15, Mn1 = 0.54, the application of the formula results in:

P = 0.5 ∗ (1.5 ∗ 4 ∗ 0.54) + 0.5 ∗ 0.15 = 1.695

Knowing each node’s performance index, we now define how to decompose the
problem in order to distribute it in a balanced manner.

Definition 4 (Simple Problem Decomposition). Given a problem D and
given a cluster of available nodes S = {n1, . . . , nk}, then the problem must be
decomposable in k parts and defined as D = {d1, . . . , dk} such that each part’s
computational cost is proportional to the assigned device performance index.

Example 3. Given nodes n0, . . . , n5 and a problem of summing 100000 numbers,
the calculated performance index, the percentage of the computational power
each node represents and the assigned partition of the problem is presented in
the following table:

Node Performance Index (Pi) Percentage of system power (pi) Assigned partition

n0 2.013 21% 21000
n3 1.965 20% 20000
n1 1.695 18% 18000
n4 1.472 15% 15000
n2 1.336 14% 14000
n5 1.125 12% 12000

A strict decomposition can be a bad solution if the computational cost of pro-
cessing data is unevenly distributed. A small interval of data can be harder to
process than a larger one. The approach we purpose includes the option to split
the work in a bounded number of parts that are processed sequentially by the
cluster of nodes. We now define the enhanced problem decomposition.



298 J. Coelho and L. Nogueira

Definition 5 (Enhanced Problem Decomposition). Given a problem D
and given a cluster of available nodes S = {n1, . . . , nk}, then the problem must be
decomposable in n parts and defined as D = {D1, . . . , Dn} and for each Di ∈ D,
it is possible to decompose it further in k parts and defined as Di = {di1, . . . , dik}
such that each part’s computational cost is proportional to the assigned device
performance index. Thus, given a node ni with a percentage of system power pi
then the size of the part Di it will process is given by pi ∗ sizeof(Di).

Example 4. Given the example 3, if we choose to have 5 partitions then we get:

D1 D2 D3 D4 D5

l-elements

Here, each node ni will process pi ∗ l elements of each Di corresponding to:

Node Performance Index (Pi) Percentage of system power (pi) Part Dk size

n0 2.013 21% 4200
n3 1.965 20% 4000
n1 1.695 18% 3600
n4 1.472 15% 3000
n2 1.336 14% 2800
n5 1.125 12% 2400

Given the previous concepts, we now define the assigned problem.

Definition 6 (Assigned Problem). Given a cluster of nodes S =
{n1, . . . , nk}, where each node ni has a performance index Pi and the problem
D which is decomposed in k different parts we define an assigned problem as a
set of triples, AP = {(n1,P1, d1) . . . (nk,Pk, dk)}.
Communication between nodes is done using asynchronous message passing.
There is a permanent link between the node requesting the work and the nodes
executing that work. When this link is broken it signals a loss of communication
and the node is removed from the list of available ones.

Definition 7 (Link set). Given a cluster of available nodes S = {n1, . . . , nk}
we define L = {l1, . . . , lk} as the list of links to the nodes such that the connection
to node nk is done by link lk.

Failure during the execution of a task results in rescheduling the unfinished task
to the closest available node in terms of performance index. More formally, we
define task reassignment.
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Definition 8 (Task Reassignment). Given a cluster of nodes S =
{n1, . . . , nk}, where each node ni has a performance index Pi, the problem
D decomposed in k different parts proportional to each of the nodes and the
assigned problem AP = {(n1,P1, d1) . . . (nk,Pk, dk)}. When a link lj assigned
to a node nj such that (nj ,Pj , dj) ∈ AP fails then, the task dj is reassigned to
the node nm such that (nm,Pm, dm) ∈ AP \ (nj ,Pj , dj) and Pm ≥ Pn for any
(nn,Pn, dn) ∈ AP \ (nj ,Pj , dj).

3 Implementation

Although the idea is to have a general purpose solution for IoT devices, at
this moment, we decided to focus on a specific type of hardware/software to
develop a proof of concept with all the properties we believe that are relevant
in this domain. Our nodes are all single board computers, namely Raspberry Pi
devices [6]. They all run a Linux distribution, an Erlang virtual machine and
RPI-Monitor1.

Although single board computers (SBC) are just one type of IoT devices, they
enjoy enormous popularity due to the high performance for their price range and
the vast number of scenarios where they can be used [6]. It is possible to have
several Raspberry Pi SBCs in the same area each with a different purpose. With
our framework we enable the optimization of devices that are many times sitting
idle.

The computation of a node’s performance index relies on the use of the RPI-
Monitor utility, a general-purpose monitoring application that allows the extrac-
tion of several metrics from the Raspberry Pi. These metrics can be obtained by
querying the device thought HTTP.

A node can be a slave (accepting work), a master (offloading work) or both.
The code deployed to a slave node is initially minimal and consists in a simple
process that processes execution messages and is described in Listing 1.1

task_executor ( )−>
re c e i v e

{ From , execute ,Mod, Fun , Param } −>
From ! { B,E,Mod: Fun(Param) } ,

task_executor ( ) ;
_ −>

task_executor ( )
end .

Listing 1.1. Slave node main code

Function task_executor/0 waits for messages instructing the node to execute
code (function Fun from module Mod with parameters Param) and the result
of the execution is returned to the requesting node.

1 https://xavierberger.github.io/RPi-Monitor-docs/index.html.

https://xavierberger.github.io/RPi-Monitor-docs/index.html
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The master node coordinates the offloading process and, typically, nodes can
be both a master and a slave. The main master Erlang function is succinctly
described in Listing 1.2.

master (Mod, Fun , DataSize , NPart ) −>
NodesList = i n i t i a l i z e _ c l u s t e r ( ) ,
c : n l (Mod) ,
Parts_Node = d i s t r i b u t e ( NodesList , DataSize , NPart ) ,
Resu l t s = execute (Mod, Fun , Parts_Node ) ,
r e s e chedu l e ( Results , Parts_Node ) .

Listing 1.2. Master node main code

Function master/4 receives the name of the module (Mod) with the code
and data that must be distributed, the main function processing the data Fun,
size of the data being processed (DataSize) and the number of partitions
(NPart) that should be used in the distribution of the work. Next, function
initialize_cluster/0 finds nodes in the local network area that are to collaborate
(execute the slave function described before), and adds them to the NodesList
establishing a link. Code and data is then distributed by the available nodes with
the Erlang builtin function c : nl/1 and distribute/3 determines which parts of
the data partition must be processed by which nodes. In case NPart is one,
the process is a simple problem decomposition, if Npart > 1 then the process
is an enhanced problem decomposition. The next step is to send the data for
remote execution and gather all the results in the Results list. Finally, function
resechedule/2 compares the results obtained from nodes with the requests that
were made. In case it detects unanswered requests (resulting from nodes failing
during execution), tasks related with those requests are rescheduled to available
nodes as described in the System Model.

4 Evaluation

To evaluate the performance gain of our approach, we implemented an exhaustive
set of benchmarks. For the sake of space, we present one benchmark based in a
theoretically simple but still challenging problem, i.e. finding prime numbers in
a given interval. We use a cluster of 4 IoT devices as described in Table 1.

Table 1. Cluster setup

Node Device CPU Clock RAM

n1 Raspberry Pi 3 B+ quad-core 1.4 GHz 1.0 GB
n2 Raspberry Pi Zero W single-core 1.0 GHz 0.5 GB
n3 Raspberry Pi 3 B+ quad-core 1.4 GHz 1.0 GB
n4 Raspberry Pi Zero W single-core 1.0 GHz 0.5 GB
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The interval we use in this test is I = {1, . . . , 50000} with a total of 5133
prime numbers. Note that the primes are not evenly distributed in this interval
and higher ones are considerably more difficult to find than lower ones. We
started with one device and added devices to the cluster measuring the gain
in performance. Since the problem is not easy to break in balanced partitions
we use the enhanced problem decomposition solution and break it in several
partitions (1,5,10 and 20). Each of the partitions is then split by the available
nodes accordingly with their reported performance index. We choose the node
n1 to be the master, although it also executes code as a slave. The calculation
of the primes on I1 took an average of 26.07 s. We don’t get any advantage in
using more than one partition with one device since the implementation already
uses multiple processes to optimize the use of the available cores of the device.
The results of distributing data by two nodes (n1 and n2) are presented next:
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Distributing data by nodes n1 and n2

Even with only one partition, the time needed to compute all the primes
decreases from an average of 26.07 s to an average of 24.43 s. The performance
increases as we divide chunks of work by the devices. With 5 partitions, we
achieve the best result of an average 16.67 s. The increase in the number of
partitions is not alone a factor of enhancement in performance since the more
partitions we have, the more messages we need to exchange. Next, we present the
results of adding n3 to the cluster. Here, the performance increases considerably,
which seems normal since n3 is a powerful node in this context.
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Finally, we present the results of adding all the nodes:
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As a summary, we present the next graphic detailing the gain of having one
device (no devices added to help), with one, two and three devices added. These
values are the ones for the configuration with best performance in each of the
scenarios.



Collaborative Task Processing with Internet of Things (IoT) Clusters 303

0 1 2 3
0

5

10

15

20

25

30

Number of added devices

T
im

e
in

se
co

nd
s

Result of adding devices to n1

By adding one node (n2) to the cluster, one gets an increase in performance
of ∼ 33%. By adding two devices (n2 and n3), one gets an increase in perfor-
mance of ∼ 55% and finally by adding three devices (n2, n3 and n4), one gets an
increase in performance of ∼ 64%. We also experimented with failure in nodes
and consequent rescheduling. The impact of such operation is highly dependent
on the capacity of the node or of the nodes failing. Failing node n4 has a con-
siderable higher impact than failing node n2, due to their different capacity and
thus the amount of work that is distributed to them. Nevertheless, with a small
number of failures, the cooperative distributed computation still has a better
performance when compared to the single problem solving solution.

5 Conclusions

A cooperative execution of resource intensive services among heterogeneous IoT
nodes is a promising solution to address the increasingly demanding requirements
on resources and performance. In this paper, we presented a framework for IoT
devices based in Single Board Computers and the Erlang programming language.
The goal is to maximize the collaborative power of these devices with a minimal
setup.

The obtained results make us believe that it is possible to use the spare
computational power of each of these devices such that their cooperation enables
the solution of computationally complex problems, which are difficult to solve in
single devices with an acceptable performance. We intend to add more features to
the framework and foresee the creation of a distributed solution for computation
that uses available power of simple devices replacing larger systems.
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