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ABSTRACT

In this paper, the problem of how to balance the energy con-
sumption during data processing in networks is investigated
using a fog middleware. We first demonstrate that for a fog
network with different kind of nodes, balancing the energy
relies on a combinatorial optimization that is solved using
graph theory. We propose a transformation of the transship-
ment graph problem to formulate an optimization problem
that we solve with linear programming (LP). We show the
possibility of balancing and extending the battery life of the
whole network based on cooperation between nodes without
jeopardizing individual nodes’ battery life. We use both, em-
ulation and real scenarios to test our optimization algorithm.
We show we can balance the network energy, keep all nodes
alive and active ∼ 95% of the time.

Index Terms— optimal data task distribution, balancing
energy, fog middleware.

1. INTRODUCTION

In traditional sensor networks, data gathered by sensor nodes
is usually forwarded to a sink node for post-processing. The
introduction of fog computing paradigm [1] brings the data
processing, networking, storage and analytics closer to the de-
vices, and applications. However, as in typical sensor networks,
an unbalanced energy consumption will decrease the lifetime
of the fog network. In order to use the limited energy avail-
able at sensor nodes more efficiently, some routing schemes
attempt to find the minimum energy path to the sink to opti-
mize energy usage at nodes [2]. However, in a fog network
where nodes attempt to help other nodes by computing part of
their information, balancing energy become a more complex
problem.

To illustrate the fog scenario, consider the following
example. A fog network composed by a series of nodes
(x1, x2, ..., xn), with different features and capabilities,
are trying of computing locally an optimization problem
(f(x1), f(x2), ..., f(xn)) using their own gathered data
(d1, d2, ..., dn). In some point, node xi has to process di,
but it is running out of battery. Computing fi may cost its
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battery life. Because other nodes in the network may compute
the task, xi sends di to xj for further processing. Furthermore,
node xi may split di to enable two or more nodes to help
it in the processing. However, choosing the node xj is not
trivial and has a critical impact on the power balance of the
fog network. In [3], we present a fog middleware that enables
cooperation between nodes, and the aforementioned scenario
is possible. We decide to extend this work to maximize the
cooperation between nodes without endangering individual
nodes batteries duration.

In this paper, we leverage fog computing technology to
investigate the problem of how to balance the energy con-
sumption during data processing using a fog middleware. We
first demonstrate that for a fog network with different kind
of nodes and with no sink node, balancing the energy relies
on a combinatorial optimization that is solved using graph
theory. We propose a transformation of the transshipment
graph problem [4] to formulate an optimization problem that
we solve with LP to find the optimal solution. We show the
possibility of balancing and extending the battery life of the
whole network based on cooperation between nodes without
jeopardizing individual nodes’ battery life.

Our approach is different from sensor networks energy
balancing [5–7] because we take the approach from the data
processing perspective instead of data collection only. Further-
more, in our fog network we may not have a sink node, then
the energy balancing focuses on stabilizing the batteries life of
all nodes in a cooperative scenario in which nodes constantly
act as service providers for other nodes.

To better understand the problem, we briefly explain the
concept of fog node and edge node. In our case, we called fog
nodes to the nodes that depend on a battery. This battery can
be charged using solar panels. We called edge nodes to the
nodes that have an infinite amount of energy because they are
directly connected to power outlets.

2. NETWORK MODEL

In our model, we have a mesh network represented as a
weighted graphG = (V,E, τ, λ), where each edge (u, v) ∈ E
has a transmission cost τuv, and a execution cost λuv. The
network has a set of fog nodes and edge nodes that generate
data to be processed locally or remotely. A task can be exe-
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cuted remotely in one or more nodes collaboratively if the data
transmission cost is less than the execution cost. It depends
directly on the task to be executed. The data to be transmitted
can pass through one or more hops. The batteries of some
nodes can be running out faster than others due to factors such
as the number of tasks performed, node and solar panel loca-
tion, maximum charge ranges of the battery, etc. It causes an
unbalance in the batteries energy levels of the nodes, while
some nodes are aiming to turn off other nodes may have all
their energy. Also, we consider in our model that the data
generated have different sizes, and the execution cost can vary
depending on the task that needs to be performed. The objec-
tive of our work is to minimize the battery energy consumption
of the unbalanced batteries of the nodes, and, at the same time,
balance the battery levels of the nodes on the network. We
used a combined cost, that includes the transmission cost when
the task is performed collaboratively and the execution cost in
the nodes where the data is executed.

3. GRAPH TRANSFORMATION AND LINEAR
PROGRAMMING FORMULATION

We formulate the task distribution problem for balancing ba-
ttery level as a transshipment problem from graph theory. The
transshipment problem [4] is an extension of the transporta-
tion problem in which the commodity can be transported to
a particular destination through one or more intermediate or
transshipment nodes. Each of these nodes in turn supply to
other destinations. The objective of the transshipment problem
is to determine how many units should be shipped over each
node so that all the demand requirements are met with the
minimum transportation cost [8].

Based on the transshipment problem definition and the
actors involved in its solution, we present the adaptation of our
problem. The first supplier is the node that needs to perform a
specific task to its stream data. The bytes of the data are the
commodities. All other nodes, including the first supplier, are
demander nodes. They demand the maximum amount of data
that they can process. In the same way, as in transportation
problems, a node can or cannot get the whole amount of bytes
that is demanded. There is a special case of demander who
does not obtain items (bytes) to process, they only work as
an intermediary node. An edge node is an especial demander
because it asks for the whole data. As we have two different
costs (execution and transmission), we transform the original
graph to have arcs for execution and arcs for transmission.

We propose a graph transformation to generate a trans-
shipment network that can be used as the input for our LP
formulation. The graph transformation is one of our contribu-
tions for solving the problem.

3.1. Model Definition

The variables for our optimization problem are:
β → Amount of bytes per task

λ → Execution cost per byte
τ → Transmission cost per byte
δ → Residual capacity
b → Maximum number of bytes to be processed objective
function:

minimize
∑

(u,v)∈E

λuvβuv +
∑

(u,v)∈E

τuvβuv (1)

Minimize the energy consumed from batteries
Subject to:
For supplier (source node):∑

k∈K

βku −
∑
l

βul 6 β (2)

For Demanders (target nodes):∑
k∈K

βku −
∑
l∈L

βul 6 bu, (3)

∑
k∈K

βku −
∑
l∈L

βul 6 b’u, (4)

where K and L are the subset of inflow and outflow nodes
of u respectively. βku represents the inflow (number of input
bytes), βul is the outflow (number of output bytes), bu = θu

τu
,

b’u = θu
λu

and θu represents the power balance or extra energy
over the network average θu = δu − ave(δu)∀u ∈ G

3.2. Graph Transformation

Fig. 1. (a) Original mesh network. (b) Transformation 1 - the
unbalanced nodes are eliminated, and the maximum number
of bytes that can be transmitted (transmission demand) b is
calculated. Continuous lines represent the transition cost. (c)
Transformation 2 - loops are removing, and for each node, a
new node is created and connected using a dotted line (compu-
tational cost). The number of bytes (computational demand)
to be processed is calculated b′.

Transformation 1

The objectives of this transformation are: (i) calculate the
energy balance level of the network, (ii) eliminate unbalanced
nodes, (iii) create the additional arc to satisfy the two costs, (iv)
calculate the maximum amount of bytes that can be transmitted
for each demander. The first step to perform this transforma-
tion is to take any single-fog-node from the original graph and
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calculate its power balance. Then, the unbalanced demander
nodes where θu < 0 are pruned. After that, the demander
nodes who do not have connectivity with the supplier are re-
moved. For the remaining nodes, the amount of bytes that can
transmit with the energy of θu is calculated. The result is the
maximum demand for each node bu = θu

τu
. The demand for

edge-nodes is the whole task byte-size. Transmission cost is
used in the arc connections. The final graph of this transfor-
mation is shown in Fig. 1(b).

Transformation 2

The objectives of this transformation are: (i) remove recursive
loop, (ii) calculate the maximum amount of bytes that can
be processed for each demander, (iii) establish transition and
execution cost of edge nodes. The transformation starts by
using the graph from Transformation 1. First, for each node
u another node labeled as u′ is created. Then, the loop on
u is removed, and a new arc between u and u′ is created.
Execution cost is used in the arc connections. Finally, the
amount of bytes that can compute with the energy of θu is
calculated. The result is the maximum demand for each node
b’u = θu

λu
. For edges nodes, transition and execution cost are

established as 0. In Fig 1(c) the final graph used as an input
for our LP formulation is shown.

4. ALGORITHM

We now introduce the optimal data task distribution algorithm
(ODTD) for balancing the power consumption on unbalanced
batteries and for synchronizing energy battery levels. Algo-
rithm 1 consists of a network initialization stage, an update
state, and an optimal data task distribution stage. In the initial-
ization stage, all nodes learn about the network status. First,
every node broadcasts to get the neighbor list. A second broad-
cast is performed to exchange the one-hop neighbor list in
order to obtain the knowledge of two-hop neighbors and their
battery levels. Also, we have an update stage that is executed
every five minutes for updating the two-hop neighbor battery
levels. The final stage is applied when a node needs to perform
a task, and its battery is unbalanced with respect to its two-hop
neighbors. Then, we apply the graph transformation to get the
optimal solution for task distribution. Executing the task lo-
cally is in the solutions spectrum because the other unbalanced
batteries can be affected.

5. ANALYSIS AND EVALUATION

For analysis purposes, we tested our optimization algorithm
using an emulated network and a real fog network. In both
cases, the tasks to process in each node are related to pre-
processed seismic data previously collected by our seismic
systems [9–11]. Specifically, every node reads seismic data
and needs to perform a band-pass filter over this data. We first
determined the execution cost of performing the band-pass

Algorithm 1 Optimal Data Task Distribution ODTD
procedure: Initialization

1: define Graph G adding node u
2: each node broadcast to get neighbor list
3: upon reception of (energyLevel) msg from v
4: for all i ∈ nbrlistu do
5: add node i on G with energyLeveli
6: create arc between nodes u and i
7: end for
8: broadcast u and nbrlistu with energyLevels (covering all

two-hop neighbors)
9: begin thread update energy levels

10: for all i ∈ nbrlistv do
11: if i /∈ G then
12: add node i to G with energyLeveli
13: create arc between nodes u and i
14: else
15: update energyLeveli of node i
16: end if
17: end for
18: end thread update energy levels
procedure: Optimal Distribution

1: θu = calculate energy balance
2: if energyLevelu < θu then
3: G = apply transformation1 using G
4: G = apply transformation2 using G
5: [X ,Y ] = solve transshipment using G
6: for all x ∈X do
7: send Yx bites of data to x
8: end for
9: upon reception of result from all X

10: end if

(a) (b)

Fig. 2. Energy battery levels after emulation in the 20 fog
nodes scenario (a) Using ODTD (b) Without ODTD

filter over this kind of data, and the communication cost of
transmitting the data. For calculating the execution cost in
terms of energy, we run locally the band-pass filter, and, after
several tries, we experimentally estimate an execution cost of
2.31153e-9 energy units per sample. For calculating the com-
munication cost, we measure the average energy consumption
of transmitting different package size between 1 and 5Mb. We
experimentally estimate that the transmission cost of the data
in this scenario is 5.90944e-10 energy units per sample. We
assume these costs as constant in our tests.

In the emulated network, we implemented our algorithm
using MATLAB tool. We emulated four scenarios as described
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Fig. 3. Energy monitoring of the four units used in the deployment to validate the ODTD algorithm.

Table 1. Quantitative results of the emulation
Nodes 4 Fogs 3 Fogs 1 Edge

Measurement Alive Active Alive Active
Without ODTD 2 62.78% 3 81.09%

ODTD 4 95.41% 4 98.27%
Nodes 20 Fogs 18 Fogs 2 Edges

Measurement Alive Active Alive Active
Without ODTD 14 76.18% 15 83.61%

ODTD 20 97.33% 20 99.76%

in Table 1; (i) a network with 4 fog nodes only; (ii) a network
with 3 fog nodes and 1 edge node; (iii) a network with 20 fog
nodes; and (iv) a network with 18 fog nodes and 2 edge nodes.
Two metrics were evaluated: the number of nodes alive at the
final of the emulation, and the percentage time the nodes were
active. Notice that some nodes may die during the emulation,
but they can be reactivated by the solar panel charging, so
the active time is the time they were on and working. By
Table 1, we can see that all nodes were alive after the end of
the emulation by using our ODTD algorithm. Without ODTD,
between 30% and 50% of the nodes ran out of battery. We
can also see that our algorithm improves the percentage of
active nodes in about 20% respecting no using ODTD. Also,
when the scenario includes some edge nodes, we can notice
an improvement in the active time of all nodes in the network.
This may be due to the edge nodes has an infinity level of the
battery and can help fog nodes without jeopardizing energy.
Fig. 2 shows the final battery status in the scenario of 20 fog
nodes. These results reveal that in addition to conserving the
life of the nodes, the algorithm helps to synchronize the energy
level of the batteries in the network.

In the real fog network, we implemented ODTD algorithm
in PYTHON using linprog method to solve linear objective
functions subject to inequality constraints. We deployed the
implementation in seismic units as the one shown in Fig. 4(a).
This unit contains a Raspberry Pi board as computation unit.
Fig. 4(b) shows the units deployed in the rooftop of a build-
ing. The units ran for 5 days to get the algorithm performance
with heterogeneous physical factor (solar radiation, weather
conditions, etc). We also modified IP routes tables of some
units to create artificial hops in the network. Fig. 3 shows
the five days test. Notice that the units discharge due to pro-
cessing and charge due to the solar panel. A zoom of the
discharging area is shown in Fig. 5(a). Notice that nodes with
more energy collaborate with nodes with low energy, and they

reach a synchronization point balancing the whole network
energy. The same situation happened in the charging area
(Fig. 5(b)) the units with less energy received help from units
with more energy and for this reason, their charging rates con-
tinue increasing. We notice that in both, emulated and real fog
networks, ODTD was able to efficiently distribute the tasks for
conserving the whole network energy.

(a) (b)

Fig. 4. (a) Seismic node (b) Deployment setup

(a) (b)

Fig. 5. ODTD algorithm effect during the periods of (a) un-
loading and (b) loading of nodes batteries.

6. CONCLUSION

In this paper, we formulated an in-network data task distribu-
tion as an optimization problem to extend the lifetime of nodes,
which can be optimally solved using a linear programming
model. We combined both transmission cost and execution
cost into a single energy-efficient model to extend the battery
energy and at the same time synchronize the battery energy
level of the network. We designed ODTD, an efficient al-
gorithm for optimal data task distribution that achieves the
minimum energy consumption cost. An emulation was per-
formed using MATLAB to show its efficiency through different
experimental scenarios. Also, we implemented ODTD algo-
rithm using PYTHON and tested it on real seismic units for
five days getting similar results and proving the algorithm
feasibility.
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