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A B S T R A C T

With the rapid growth in network-connected computing devices, the Internet of Things (IoT) has progressed
in terms of size and speed. Subsequently, the amount of produced data and computation loads has increased
dramatically. A solution to handle this huge volume of workloads is cloud computing in which a considerable
delay exists in the processing load and this has remained a concern in the field of distributed computing
networks. Processing workloads at the edge of the network can reduce the response time while at the same
time imposing energy constraints by bringing the task of load processing from data centers, which are supplied
by electrical energy sources, to the network edges which are only supported by limited energies of batteries.
Therefore, workloads need to be distributed evenly between the clouds and the edges of the network. In this
paper, two methods based on XCS learning classifier systems (LCS), namely, XCS and BCM-XCS, are proposed
to balance the power consumption at the edge of the network and to reduce delays in the processing of
workloads. The results of our experiments are indicative of the superiority of BCM-XCS over the basic XCS-
based method. The proposed methods distribute the workloads in a way that the delay in their processing and
the communication delay between the cloud and fog nodes are both minimized. In addition to considerable
advantages in controlling the fluctuations of the processing delay, the proposed methods can simultaneously
reduce the processing delay by 42% by using a moderate power consumption at the edge of the network. The
proposed methods can also recharge the renewable batteries used at the edge of the network about 18 percent
more than the best state-of-the-art method.

1. Introduction

The Internet of Things (IoT) technology has enabled billions of
devices including, sensors, actuators, and other objects to get con-
nected to the Internet [1]. These devices generate massive amounts
of processable data that may limit the computational and storage
resources [2]. With the advent of cloud computing, the storage and
processing restrictions have been eliminated. Over the past decade,
computation loads and data volumes in clouds have been on the rise.
The results of these computations and control data are routinely moved
to centralized data centers and network cores [3]. As a result, cloud
computing faces new challenges such as increasing workload latency.
To this end, a new technology named edge computing has been intro-
duced to allow data processing with low latency that is closer to users
on the network edge. Edge-based devices and network cores, such as
base stations, modems, and routers, welcome computations and storage
spaces requested by users, thereby acting as a replacement to clouds. As
a direct consequence of bringing the processing resources and storage
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spaces closer to the end-users, the transmission delay is reduced. Fig. 1
shows the data processing levels of IoT devices on the network.

As shown in Fig. 1, at the bottom layer, objects and sensors produce
processable and storable data. Network edge devices are at the top
of these objects with less processing power than clouds. Due to the
proximity of these devices to users, requests see minimal emission delay
and are responded more quickly. At the top layer, there are potent
routers that are located at the core of the network and can process
requests without sending them to the cloud. As we move from things to
data centers, the delay increases. At the top layer, massive data centers
are distributed across the globe, providing high processing and storage
capability. These data centers consume great electrical energy due to
the high processing volume and power. However, most devices at the
edge of the network can work with very little power or battery.

The processing of IoT data in the cloud faces several challenges,
including [4,5]:
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Fig. 1. IoT Data processing layer stack.

• Delay: Delivering data from IoT devices to data centers, due to
the long distance, imposes considerable propagation delays.

• Bandwidth limitation: With the rapid increase in the number of
Internet-connected objects, the speed of data generation increases
at an exponential rate. For example, a machine can generate a
few megabytes of data per second. As a result, the increase in
the transmission rate and the volume of data produced, places
bandwidth limitations on communication links.

• Device resource constraints: Most IoT devices have very limited
resources. For example, sensors, actuators, controllers, and CCTVs
are unable to rely on themselves to meet all their computational
needs due to resource constraints. On the other hand, their per-
manent dependence on the cloud is very costly as most of their
interactions require complex processing resources and protocols.

• Security: Security is a challenging issue. Devices need to be
identified and authenticated to access the stored information or
processing resources in the cloud.

Fog computing is a type of distributed processing that is a good
alternative to cloud computing. Fog computing has more processing
power than edge computing, and it has less computation capability
compared to cloud computing. However, the required electrical energy
for performing calculations is very expensive. Fog computing nodes
often supply their energy through rechargeable batteries. This type
of energy source is very limited and needs to be recharged after a
while [6]. Therefore, renewable energies are used as the principal
power supply or the only energy source at the edge of the network.

Given the importance of latency and energy consumption, the loads
must be continuously distributed between the cloud and the fog so
that the optimal values could be achieved on these two measures. To
this end, research has been conducted to reduce energy consumption
and delay. In this research, methods such as clustering algorithms,
reinforcement learning, and heuristic algorithms have been used [7–
9]. Most existing methods for distributing workload have not created a
balance between cost and energy consumption, only addressing one of
the two criteria.

Recently, learning classifier systems (LCS) have attracted the atten-
tion of researchers in different fields as a smart solution for finding

the optimal state [10–12]. In the present study, for the first time, an
intelligent LCS, naming extended classifier system (XCS) has been used
to reach an optimal state in balancing workloads in fog computing. To
direct the search for a better state, the LCS uses an evolutionary algo-
rithm to search in the space of existing states and uses another learning
process for selecting the best state. By adapting the environmental
conditions (such as input workload and battery level) with the input
parameters of XCS, the algorithm can optimize and balance energy and
delay.

In the XCS algorithm, if the collection of learned actions is not
complete, other actions are randomly created by the covering process
in the form of new classifiers. These new classifiers can affect the result
of subsequent entries. Although these random actions prevent optimal
local trapping, increasing the number of these random actions may slow
down the learning process. To avoid the generation of the additional
random classifiers, a cache has been added to the XCS system. Keeping
the faced conditions together with the best corresponding actions in this
cache memory can prevent excessive random actions in the system. In
addition, the performance of the basic LCS is improved by adding a
memory that keeps the optimal states.

In the proposed method, workloads are distributed in a way that
their processing delay and the communication delay between the cloud
and fog nodes are both minimized. Also, in the proposed method, the
energy consumption is optimized. Our experiments demonstrate that
the proposed method is able to meet both criteria.

The paper is organized as follows. Section 2 reviews the literature
and discusses some of the related issues. Section 3 describes the system
model and formulates the problem. It also introduces a modified LCS to
balance the load distribution at the edge of the network. In Section 4,
the proposed methods are implemented and evaluated compared to the
state-of-the-art methods. Finally, Section 5 concludes the paper and
highlights the future research directions.

2. Related works

In recent years, particularly since 2016, a large number of studies
have been conducted on the distribution of computation loads over
the network edge. This section briefly reviews some of the works that



address the optimization of power consumption and computation cost
in fog computing.

The earliest studies, which date back to 2016, investigated the pos-
sibility of combining renewable energy sources into the power supply
of computations at the edges of cellphone networks [7]. These studies
resulted in several learning algorithms for resource management and
allocation of computation load. One of the algorithms can learn the
policy of discharging dynamic workloads into the cloud and creating
an edge server. The algorithm is aimed at minimizing the long-term
costs of the system, which include the costs of service delay and op-
erating. Its advantage over other algorithms is optimized learning and
performance. Simulation results suggest that the power consumption of
this algorithm is reduced by 25% in comparison with other algorithms
while its learning rate is still low. At the time of the development of
this algorithm, several methods were proposed for the optimization of
power consumption, but the speed of the proposed methods was still
relatively low. Therefore, there was a need to focus on the time cost in
any method to be developed.

As a result, Xu et al. modified and improved their previous learning
algorithm by changing its learning model [13]. To accelerate the learn-
ing process, they developed a reinforcement learning algorithm based
on Power Spectral Density (PDS) that would optimize the discharging
of loads and the automatization of resource allocation. The algorithm
worked efficiently, even with unknown system parameters. Xu et al.
evaluated their algorithm both in a simulated and a real environment.
Their results showed that their proposed design could significantly op-
timize the performance of edge computations. Allocation of workloads
proportional to unpredictable, renewable power sources was among the
advantages of this algorithm. In spite of its success in optimizing the
power consumption of computation at the network edge, the algorithm
was unable to distribute workloads evenly among the computing nodes.

In [6], Wu et al. proposed an algorithm called GLOBE. To opti-
mize the performance of network-edge stations, they combined two
mechanisms, namely, geographic load balancing and input load con-
trol. GLOBE functions online without any need for information about
the future states of the system and can handle significant challenges
concerning the battery status and power limitations. The simulation
results suggest that in comparison with offline algorithms, GLOBE can
reduce the costs by 50% (‘offline’ algorithms referring to those that
have complete information about the future state of the system); and
GLOBE can establish a balance between battery capacity and system
performance. GLOBE succeeded in slightly improving the distribution
of computation loads among the network nodes, but it was still far from
an optimum level.

To improve the deficiencies of the GLOBE algorithm, Wan et al.
proposed a method for balancing and planning workloads to reduce
power consumption in fog computing [8]. After presenting some formu-
las for a model of power consumption related to the volume of work on
each fog node, they developed an optimization function to balance the
loads in a clustered model. They improved this function using a batch
optimization algorithm and finally proposed a multi-purpose system to
resolve the scheduling of clustered distribution. By experimenting with
robots and Raspberry Pi, they arrived at two conclusions. Firstly, in the
experimental environment, the robots had a better performance, and
the workloads were distributed more evenly among them. Therefore,
as power consumption was a function of the workload in each node, it
could also be more easily balanced among the nodes.

In [9], Zeng et al. investigated the effect of different power types
on fog computing to achieve an efficient structure for providing power
services. They designed a fog network called Cyber–Physical Fog Sys-
tem (CPFS) based on Cyber–Physical System (CPS) which used green
energy and their focus was on resource rate control, load balancer,
and services. They presented the question of energy productivity as
an equation of mixed-integer linear programming and proved that it is
an NP-hard problem. Then they proposed an exploratory algorithm to
overcome this computation complexity. Their simulation results suggest
that the energy productivity of this algorithm is near-optimal.

None of the methods discussed above have comprehensively ad-
dressed power consumption for all types of workloads. In addition,
they have not created a balance between costs and power consumption
in distributing the workload among network nodes. Therefore, many
researchers are now attempting to study this issue. The present study
follows the same research trend.

3. The proposed method

To overcome the deficiencies of the methods discussed in the pre-
vious section, we developed a new method to improve the allocation
of workloads and balance the consumption of power on the network
edge. In this section, we simulate a fog computing system using the
model proposed in [13]. This system is modeled in four dimensions:
workload, delay, power consumption, and battery status. For each
dimension, several equations are presented according to our proposed
work. Then, two LCS models are presented. One of these systems uses
the XCS learning classifier architecture, and the other one, named here
BCM-XCS, possesses a memory for keeping the best classifiers. Finally,
the two models are compared with each other and with the proposed
methods in the literature.

3.1. System modeling

For the main scenario, we model an edge system consisting of a
base station and a set of edge servers that are physically next to each
other. Each processing resource on the network edge (i.e., fog servers)
has a battery with limited capacity. Therefore, a shared power supply
is usually used in the network so that the workloads are sent to the
cloud in cases where the edge servers lack enough battery charge. The
workload sent by the users to the edge is first received by the base
station. The base station is responsible for deciding on the amount of
workload that should be allocated to the edge and amount that should
be assigned to the cloud. Table 1 summarizes the main parameters of
the system model.

We formulate the edge system model in terms of workload, delay,
power consumption, and battery status.

A. Workload
The workload is modeled as a discrete-time signal. That is, different
values of the workload are represented at certain time instants
of the sequence. The parameter 𝜆 (𝑡) ∈

[

0, 𝜆𝑚𝑎𝑥
]

denotes the rate
at which the workload reaches the edge system at the moment
𝑡. Here, 𝜆𝑚𝑎𝑥 represents the maximum input load that can enter
the edge system. Accordingly, the edge devices should set their
computation capacity in each time instance. That is, the number
of active servers which is 𝑚 (𝑡) ∈ [0, 𝑀] should be determined at
any time interval. Note that, this parameter is constant during an
interval but may vary at different intervals. Here, 𝑀 represents
the maximum number of servers on the network edge system. The
edge system decides how much of the workload (𝜇 (𝑡)) is processed
locally (𝜇 (𝑡) ≤ 𝜆 (𝑡)). Then, the remaining part of the workload
(𝜆 (𝑡)−𝜇 (𝑡)) should be transmitted to the cloud and processed there.
Fig. 2 illustrates how workloads reach the edge.

B. Delay
The edge system model has the following three types of delay.
B-1. Transmission delay: This type of delay, represented by 𝑐𝑤𝑖 (𝑡),
appears in transmitting workloads on the wireless network. It is di-
rectly proportional to the input workload of the network (i.e. , 𝜆 (𝑡)).
The value of this delay is set to zero in our proposed scenario due
to the physical proximity of the processing nodes.
B-2. Local processing delay: This type of delay, represented by
𝑐𝑙𝑜 (𝑡), appears in the local processing of workloads on the network
edge system. This delay can be calculated based on 𝑚 (𝑡) and
𝜇 (𝑡), and hence is represented as 𝑐𝑙𝑜(𝜇 (𝑡) , 𝑚 (𝑡)). The value of this
delay depends on the queue management mechanism in the edge
servers. Following [13], the M/G/1 mechanism is used for queue



Table 1
Used parameters.

Symbol Description Symbol Description

𝜆 (𝑡) The total rate of the input load 𝑐𝑑𝑒𝑙𝑎𝑦 (𝑡) The total cost of delays
𝜇 (𝑡) The amount of workload processed locally 𝑐𝑏𝑎𝑐𝑘 (𝑡) The cost of using the supporting power supply
𝑚 (𝑡) The number of active servers on the network edge 𝑑𝑜𝑝 (𝑡) Power consumption for operational tasks on the network edge
𝑐𝑙𝑜 (𝑡) The cost of delay in processing workloads on the network edge 𝑐𝑐𝑜𝑚𝑝 (𝑡) Power consumption for processing loads on the network edge
𝑐𝑜𝑓𝑓 (𝑡) The cost of delay in sending workloads to the cloud 𝑑 (𝑡) Total power consumption
𝑔 (𝑡) The total renewable power received 𝑏 (𝑡) Battery level at the network edge
ℎ (𝑡) The congestion status of the network 𝑠 (𝑡) System status

management in the servers of the edge system. As a result, the delay
in processing at the network edge is obtained through the following
equation:

𝑐𝑙𝑜 (𝜇 (𝑡) , 𝑚 (𝑡)) =
𝜇 (𝑡)

𝑚 (𝑡) ⋅ 𝑘 − 𝜇 (𝑡)
(1)

In the above equation, 𝑘 denotes the processing capacity of each
server.
B-3. Offloading delay: This type of delay, represented by 𝑐𝑜𝑓𝑓 (𝑡),
is the delay in transmitting the remaining load to the cloud. The
magnitude of this delay depends on the intensity of the congestion
in the communication network and the number of offloaded work-
loads. Given the intensity of the congestion represented by ℎ (𝑡), the
magnitude of offloading delay is calculated through the following
equation:

𝑐𝑜𝑓𝑓 (ℎ (𝑡) , 𝜇 (𝑡) , 𝜆 (𝑡)) = (𝜆 (𝑡) − 𝜇 (𝑡))ℎ (𝑡) (2)

To compute the overall delay cost, the magnitude of all three delays
is added together.

𝑐𝑑𝑒𝑙𝑎𝑦 (ℎ (𝑡) , 𝜆 (𝑡) , 𝜇 (𝑡) , 𝑚 (𝑡)) = 𝑐𝑤𝑖 (𝜆 (𝑡)) + 𝑐𝑙𝑜 (𝜇 (𝑡) , 𝑚 (𝑡))

+ 𝑐𝑜𝑓𝑓 (ℎ (𝑡) , 𝜇 (𝑡) , 𝜆 (𝑡)) (3)

As mentioned earlier in this section, since 𝑐𝑤𝑖 (𝜆 (𝑡)) is negligible, it
is not taken into account.

C. Power Consumption
The total power consumption during an interval is divided into two
parts,
C-1. Operating power: This part of power, represented by 𝑑𝑜𝑝 (𝑡),
is consumed in basic operations of the edge system, including
receiving the workloads and performing basic processes on them.
The operating power is not consumed for transmitting workloads
to the cloud or processing them at the edge. It is composed of two
parts:

𝑑𝑜𝑝 (𝜆 (𝑡)) = 𝑑𝑠𝑡𝑎 + 𝑑𝑑𝑦𝑛 (𝜆 (𝑡)) (4)

The first part, (𝑑𝑠𝑡𝑎), represents the static power consumption of
the network edge and the second part, (𝑑𝑑𝑦𝑛 (𝜆 (𝑡))), is the dynamic
power consumption which varies with the input workload of the
network. 𝑑𝑑𝑦𝑛 (𝜆 (𝑡)) is neglected in the proposed edge system model
due to the physical proximity of the computing units.
C-2. Computing power: This part of power, represented by 𝑑𝑐𝑜𝑚 (𝑡),
is required for the computation of workloads at the edge system
at time t. The magnitude of this power depends on the size of the
workload allocated to the edge system 𝜇 (𝑡), and the number of edge
servers 𝑚 (𝑡).
The total power consumption of the edge system is obtained by the
following equation:

𝑑 (𝜆 (𝑡) , 𝜇 (𝑡) , 𝑚 (𝑡)) = 𝑑𝑜𝑝 (𝜆 (𝑡)) + 𝑑𝑐𝑜𝑚 (𝜇 (𝑡) , 𝑚 (𝑡)) (5)

A large number of devices are being connected to the IoT every day.
This sheer number of IoT implementations imposes a significant
amount of energy consumption for driving IoT devices. In other
words, IoT devices are becoming the leading energy consumers in
the digital technology world. With the diminishing of brown en-
ergy resources on earth and the potentially harmful environmental

Fig. 2. The arrival of the workloads in a typical time interval.

impacts of carbon emissions, the use of green (renewable) energy
for IoT devices has become very promising, particularly in the
sustainable development of modern societies [14,15]. Therefore,
renewable energies including wind energy or solar energy, repre-
sented by 𝑔 (𝑡), may be imported in this model and used as green
power supply. The magnitude of this power supply varies with the
environmental conditions.

D. Battery Status
As mentioned earlier, one battery with limited capacity is allocated
to each edge server. The number of batteries at the network edge is
𝑏 (𝑡) ∈ [0, 𝐵], where 𝐵 denotes the maximum battery capacity at the
edge. These batteries are recharged by solar and wind power. The
battery energy level is initially zero. To control the battery energy
level, the amount of workload at the edge system denoted by 𝜇 (𝑡)
is controlled according to the following conditions:
D-1. When 𝑏 (𝑡) ≤ 𝑑𝑜𝑝 (𝜆 (𝑡)), no processing is allowed at the
network edge. Since the battery of the edge system cannot provide
the required power, the entire load 𝜆 (𝑡) is sent to the cloud so that
the battery could be recharged. In this case, the supporting power
supply is used for sending the workloads to the cloud. The cost of
this operation is calculated by the following equation:

𝑐𝑏𝑎𝑘 (𝜆 (𝑡)) = 𝜑.𝑑𝑜𝑝 (𝜆 (𝑡)) (6)

Here, 𝜑 represents the cost coefficient of the supporting power
supply. In the next interval, the renewable power source will
recharge the battery level according to the following equation.

𝑏 (𝑡 + 1) = 𝑏 (𝑡) + 𝑔 (𝑡) (7)

This state is illustrated by Case 2 in Fig. 3.
D-2. When the battery energy level is sufficient, a part of the
workload is processed at the edge system and the rest of it is
offloaded to the cloud. Thus, the battery energy level in the next
interval is calculated by the following equation:

𝑏 (𝑡 + 1) = 𝑏 (𝑡) + 𝑔 (𝑡) − 𝑑 (𝜆 (𝑡) , 𝜇 (𝑡) , 𝑚 (𝑡)) (8)

The operational cost of the battery in this state is modeled by the
following equation:

𝑐𝑏𝑎𝑡𝑡𝑒𝑟𝑦 (𝑡) = 𝜔.max {𝑑 (𝜆 (𝑡) , 𝜇 (𝑡) , 𝑚 (𝑡)) − 𝑔 (𝑡) , 0} (9)

where 𝜔 > 0 is the operational cost of one battery unit. This state
illustrated by Case 1 in Fig. 3.

The proposed edge system model is shown in Fig. 4. In this model,
a number of requests 𝜆 (𝑡) arrives from users’ edge devices. The task of



Fig. 3. Two modes of battery status.

the base station is to distribute loads between fog servers and the cloud.
The amount of workload that can be processed locally by the fog servers
is calculated. Then, the base station sends one part of the workload
to fog servers and the residual 𝜆 (𝑡) − 𝜇 (𝑡) to the cloud. Offloading the
remained workload to cloud burdens the network and imposes conges-
tions. The congestion ℎ(𝑡) is measured at each time interval to make
more appropriate decisions. On the other hand, the renewable energy
source denoted by 𝑔(𝑡) provides the energy needed for computing at
the edge of the network at any given time. When the renewable energy
exceeds the requirements, the remained part charges the batteries 𝑏 (𝑡)
at the edge. In the absence of renewable energy, the energy stored in
these batteries is used.

3.2. Reinforcement learning solution

A reinforcement learning system can optimize the allocation of
workload to the fog systems and the cloud. In the reinforcement
learning system, an agent interacts heuristically with the environment
and gradually learns how to solve the problem through the feed-
backs of the actions applied to the environment. As a result, rewards
and punishments are used as signals to strengthen or weaken specific
behaviors.

Fig. 5 illustrates the general schema of a reinforcement learning
system which consists of the following parts:

– Environment: The physical world in which the agent acts.
– State: The current state of the agent.
– Reward: The feedback received from the environment.
– Policy: A method for mapping the agent’s state onto the action.

The aim of reinforcement learning is to find an appropriate policy
that maximizes the total cumulative reward of the agent. For this
purpose, the agent either repeats decisions that have worked well so
far or makes novel decisions, expecting to gain even greater rewards.
This is called exploration vs. exploitation trade-off.

In using a reinforcement learning system for the problem of op-
timal workload allocation in the proposed model, the state of the
system at the beginning of each time-interval t is described by 𝑠 (𝑡) ≜
(𝜆 (𝑡) , 𝑔 (𝑡) , ℎ (𝑡) , 𝑏 (𝑡)). When the agent applies a new action to the
environment, it predicts 𝜇(t) as the future amount of processable work-
load at the edge of the network. Then, the battery status, 𝑏 (𝑡 + 1) is
calculated for the next state using following equations:

𝑖𝑓
(

𝑏 (𝑡) ≤ 𝑑𝑝 (𝜆 (𝑡))
)

𝑡ℎ𝑒𝑛

𝑏 (𝑡 + 1) = 𝑏 (𝑡) + 𝑔 (𝑡) (10)
𝑒𝑙𝑠𝑒

𝑏 (𝑡 + 1) = 𝑏 (𝑡) + 𝑔 (𝑡) − 𝑑 (𝜆 (𝑡) , 𝜇 (𝑡) , 𝑚 (𝑡))

After processing the allocated loads, the imposed cost is considered
as a reward which is fed back from the environment. The cost is
calculated by the following equation:

𝑖𝑓
(

𝑏 (𝑡) ≤ 𝑑𝑝 (𝜆 (𝑡))
)

𝑡ℎ𝑒𝑛

𝑐 (𝑡) = 𝑐𝑑𝑒𝑙𝑎𝑦 (ℎ (𝑡) , 𝜆 (𝑡) , 0 , 0) + 𝑐𝑏𝑎𝑘 (𝜆 (𝑡)) (11)
𝑒𝑙𝑠𝑒

𝑐 (𝑡) = 𝑐𝑑𝑒𝑙𝑎𝑦 (ℎ (𝑡) , 𝜆 (𝑡) , 𝜇 (𝑡) , 𝑚 (𝑡)) + 𝑐𝑏𝑎𝑡𝑡𝑒𝑟𝑦 (𝑡)

where 𝜇 (𝑡) = 𝑚 (𝑡) = 0. In the second part where the battery level is
sufficient, the operational cost of the battery is replaced by the cost of
the supporting power supply.

The Markov decision process (MDP) is a powerful mathematical
technique that can describe the processes of the reinforcement learning
systems. An MDP consists of a finite set of environment states S, a
set of possible actions 𝐴 in each state, a reward with real values 𝑅,
and a transition model 𝑃 (𝑠′, 𝑠|𝑎) where s is the current state, 𝑠′ is the
next state of the system, and a is the action to be performed on the
environment.

To minimize the long-term costs, the costs at the network edge
should be reduced at each interval [16]. The following equation es-
timates the long-term costs of the system.

𝐶∗ (𝑠) = 𝑚𝑖𝑛
𝑎∈𝐴

{

𝑐 (𝑠, 𝑎) + 𝜎 ⋅
∑

𝑠′𝜖𝑆
𝑃
(

𝑠′, 𝑠|𝑎
)

⋅ 𝐶∗(𝑠′)

}

(12)

Here, 𝛿 < 1 is a reduction factor which indicates that the future
costs of the system would be less than the present costs. According to
the above equation, the workload allocation policy would minimize the
future cost of the system by selecting the appropriate value of 𝜇 (𝑡).

3.3. Learning classifier system

Generally, an LCS is an intelligent agent interacting with an en-
vironment. The adaptability of the LCS directs it to choose the best
action according to the present state of the environment. This property
improves with new experiences of LCS. The learning from reinforce-
ment, i.e. payoff, provided by the environment is the source of the
improvement.



Fig. 4. The proposed model for processing workload in the edge-fog-cloud architecture.

Fig. 5. The general schema of a reinforcement learning system.

An LCS aims to maximize the achieved environmental payoffs. For
this purpose, the LCS tries to develop and enhance a set of dense
and maximally inclusive ‘‘condition-action-payoff’’ rules, which are
called classifiers. Each classifier informs the system in each state (or
equivalently the input condition) about the number of payoffs for any
available action. Therefore, LCS can be seen as a particular model of
reinforcement learning that offers an approach to generalization with
a well-defined information representation.

The idea of LCS was initially introduced by Holland to evolve
genetic algorithms [17,18]. In 1995, Wilson et al. developed a new type
of LCS, called XCS, in which the applicability of classifiers was only
determined based on the accuracy of the performed actions [19,20]. In
general, the objective of XCS is to capture, in the form of classifiers,
the predictive regularities of the environment, so the system can at-
tain payoff at optimal rates. Therefore, XCS has been widely used to
solve real-world problems in areas such as control, robotics and data
mining [12,21].

XCS evolves a population of classifiers, where each classifier has a
rule and a set of associated parameters estimating the quality of the
rule. Each rule consists of a condition and an action. At each time
step, an input is presented and a match set is built, consisting of those
classifiers whose conditions are satisfied by the input. If the match set is
empty, or the number of covered actions is less than a preset threshold,
covering occurs. The covering operator creates a new classifier with a
condition matching the current example and an action that is chosen
randomly from those not represented in match set. Once the match
set is obtained, a payoff prediction 𝑝(𝑎) is computed for each action
𝑎 available in match set. It is computed as a fitness-weighted average
of the predictions of those classifiers advocating 𝑎. The winning action
can be selected from a variety of regimes, ranging from the pure-
explore style (random action) to the pure-exploit style (the action with

the highest prediction). In classification problems, pure-explore is used
during training while pure-exploit is used when the system is predicting
unseen examples. The chosen action specifies the action set, formed by
all the classifiers in the match set advocating this action.

Reinforcement learning in XCS includes updating three parameters.
These three parameters, are error, predictability, and rule fitness. The
criterion of the suitability of each classifier is updated according to the
relative validity of the rule in the following five stages.
1– The error rate of each classifier j is first updated.

𝜺𝒋 = 𝜺𝒋 + 𝜷(||
|

𝒓𝒆𝒘𝒂𝒓𝒅 − 𝝆𝒋
|

|

|

− 𝜺𝒋) (13)

2– The predictions of each classifier are updated at the learning rate 𝜷,
where 𝟎 ≤ 𝜷 ≤ 𝟏.

𝑝𝑗 = 𝑝𝑗 + 𝛽(𝑟𝑒𝑤𝑎𝑟𝑑 − 𝑝𝑗 ) (14)

3– Then, the classifier’s accuracy is computed as an inverse func-
tion of the classifier’s error. In the following equation, the values of
𝒗,𝜶 𝒂𝒏𝒅 𝜺0 are constants that control the shape of the correctness
function. The parameter 𝜺𝟎 (𝟎 < 𝜺𝟎 < 𝟏) determines the threshold error
under which a classifier is considered to be accurate. The parameters
𝒗 𝒂𝒏𝒅 𝜶 control the degree of decline in accuracy if the classifier is
inaccurate.

𝑘𝑗 = 𝛼
( 𝜀0
𝜀

)𝑣
𝑜𝑟, 𝑘𝑗 = 1 𝑖𝑓 𝜀 < 𝜀0 (15)

4– A relative accuracy is calculated for the classifier system. Then, the
relative accuracy 𝑲 ′

𝒋 is computed by dividing the accuracy by the total
amount of accuracies in the action set.

𝐾 ′
𝑗 =

𝐾𝑗
∑

𝑥∈[𝐴] 𝐾𝑥
(16)

5– Relative accuracy is used to update the fitness value of each clas-
sifier. If the fitness is corrected 𝟏

â times, the following relationship is
used:

𝑭 𝒋 = 𝑭 𝒋 + â(𝒌′𝒋 − 𝑭 𝒋) (17)

Otherwise, the fitness is set to the average value of the relative correct-
ness until the present time. The amount of fitness in XCS is inversely
related to the reward prediction error so that errors smaller than this
value would not change the value of fitness. For each action in match
set, the classifier predictions p are weighted by fitness F to get the
system’s net prediction in the prediction array.

In previous LCS systems, the genetic algorithm was initially applied
to; but in XCS it is applied on action set to prevent inappropriate mixing
of classifiers [21]. First, it selects two parents from the actual action
set with a probability proportional to the fitness. Next, the parents are



Fig. 6. The scheme of XCS and BCM-XCS.

crossed and mutated. The resulting offspring are introduced into the
population.

Fig. 6a depicts a sample structure of XCS. In this structure, the
system receives a four-bit input. Each classifier has a two-bit action
and can apply one of four possible actions to the environment. In this
example, the detector receives input 0011 from the environment. Then,
the match set is created by storing the classifiers of population whose
conditions match the input. In this example, unique actions in are 01
and 11. The prediction array is constructed using the accuracy and the
fitness of classifiers whose actions have been previously seen in the
match set.

For example, there are two classifiers with the action 01 in the
match set. In each classifier, the values of P and F are multiplied and
then added to the corresponding values of other classifiers. For the first
classifier with the action 01, 𝐹 = 99 and 𝑃 = 43 are multiplied, which
gives 4275. Similarly, for the third classifier with the action 01, the
result is 81. Next, the sum of these two values is divided by the sum
of the F values of both classifiers (i.e., 102), which gives 42.5. This
value is stored in the prediction array entry corresponding the action
01. The following equation represents the mathematical formulation of
this calculation. Here, 𝑛 is the number of the existing classifiers with
the action 01 in match set and is computed by Eq. (18).

PA[n] =
∑𝑛

1 𝐹 × 𝑃
∑𝑛

1 𝐹
(18)

These calculations are done for all the actions in the match set. Finally,
if the number of actions in the prediction array is less than the total
number of actions, the covering operation is performed.

3.4. XCS with memory

To select actions in the action-set of XCS, this array must be filled in
advance. For example, in Fig. 6a, there is no classifier in the population
with actions 00 or 10. For this purpose, the XCS fills it using a
covering operation. The covering operator creates a new classifier with
a condition matching the current input and an action that is chosen

randomly from the actions of those classifiers not represented in the
match list. Then, the new classifiers are added to the population, and
the matching is repeated.

If the input is matched with a classifier of the population while
the action-set is not complete, other actions are randomly used by a
covering operation, which creates new classifiers for the population.
These new classifiers can affect the subsequent entries. For this pur-
pose, as shown in Fig. 6b, a memory unit called BCM (Best Classifier
Memory) has been added to XCS. This memory stores the recently faced
input condition as well as the best action which maximizes the gained
reward.

Algorithm 1 shows the process of selecting the best action corre-
sponding to the input by the BCM learning classifier system. In this
algorithm, after receiving the ambient condition from the detector
(Line 1), the agent searches for it in the BCM memory using the
function 𝐸𝑥𝑖𝑠𝑡_𝑀𝑒𝑚𝑜𝑟𝑦 (line 2). This function searches for a classifier
in the memory whose condition matches the input condition. If there
exists such a classifier, the value of its index is returned; otherwise,
−1 is returned. The main purpose of this search is to find the best
matching classifier with the minimum lookup complexity. As a result,
after receiving the input condition from the detector, to select the next
classifier of XCS with the most appropriate action, a random number
is generated with a probability of 𝑝. If the condition of the classifier in
BCM memory matches the input condition, the agent applies that action
to the environment with the probability of p (lines 4–8); otherwise,
XCS finds the best matching classifier through its normal process with
the probability of (1 − 𝑝). The agent updates the BCM classifier after
comparing the reward of the classifier in the BCM memory with that
of the selected classifier (lines 10–17).



Fig. 7. A typical XCS classifier adapted for workload allocation problem.

3.5. Application of LCS in the proposed model

The system described in the previous section can contribute to
decision-making in the base station concerning the amount of workload
at the edge. In modeling the workload of edge systems, the input to the
system (conditions) is the network status and the output (actions) is the
amount of the workload to be processed at the edge. Fig. 7 represents
the input conditions of the system and the action which the classifier
generates.

As can be seen in Fig. 7, the environment status is presented by
three parameters, i.e., 𝜆 (𝑡), ℎ (𝑡), and 𝑔 (𝑡). Also, the battery energy
status at the edge system, denoted by b(t), is already known because it
was calculated through Eq. (10). Based on these conditions and using
Algorithm 1, the optimum workload to be processed at the edge is
predicted and learned. This amount of workload (𝜇 (𝑡)) is performed as
an action on the environment. The reward of this action is returned as
a feedback by the environment. The feedback is the cost that the agent
intends to reduce.

By matching the condition against the status of the system 𝑠 (𝑡) and
using the LCS as an agent, the best action is produced and then applied
to the environment. After applying the action, the imposed cost 𝑐 (𝑡) is
fed back to the agent. Fig. 8 illustrates this process.

As shown in Fig. 8, this system consists of two parts, i.e. environ-
ment and agent. The environment is composed of fog servers, cloud
services, devices at the edge of the network, renewable energy sources,
and the battery. In the other part, the XCS agent runs on the base station
and distributes workloads between the cloud and the fog. The state of
the environment at each time is obtained as 𝑠(𝑡) ≜ (𝜆 (𝑡) , ℎ (𝑡) , 𝑔 (𝑡) , 𝑏(𝑡)),
where 𝜆 (𝑡) represents the amount of workload imported from the
network edge devices, h(t) is the amount of energy obtained from the
renewable energy sources, and b(t) the status of the battery energy at
the edge system. On the other hand, the cost resulted according to Eq.
(11) during the action of the agent at the time (t) is fed back to the
agent as a reward at the time (t+1). This way, the agent calculates the
best input-related action for optimal allocation of the workload.

4. Implementation and evaluation

The proposed methods were implemented in MATLAB R2014 on a
system with an 8-core 1.8 GHz CPU and 12 GB RAM. In the following,
we first present the initialized values of the variables and then discuss

the results. In this scenario, each time interval represents 15 s. The
workload in each interval is between 10 and 100 requests per second,
which randomly enter the network. The network congestion varies from
10 to 20 ms. The renewable energy input varies according to a normal
distribution of N(520 W, 150) [13]. The maximum battery capacity is
set to B = 2 kWh, with the assumption that b(0) = 0. The static power
consumption of the base station is 𝑑𝑠𝑡𝑎 = 300 W. The maximum number
of edge servers is 𝑀 = 10. When active, each of these servers consumes
150 W of electricity. The maximum processing rate of each server is 20
requests per second. The operating cost of each battery unit is 𝜔 = 0.01
and the cost coefficient of each unit of the supporting power supply is
𝜑 = 0.15.

This simulation was executed with the basic XCS and the BCM-XCS.
Initially, the memory of BCM-XCS was empty. In the following section,
the results of the basic XCS are compared with those of the BCM-XCS.
We show that, by using a BCM-XCS agent, the workload allocation to
cloud and fog is done more intelligently so that the average energy
and delay are both reduced considerably. Finally, these two methods
are compared with other recently published methods.

Fig. 9 shows the power consumption of the system in processing
workloads as distributed by two competitor LCS models (XCS and
BCM-XCS). As the figure shows, for XCS, the average power required
for processing workloads at the edge is greater than the power pro-
vided through renewable sources. Thus, it can be concluded that a
combination of the energy of batteries and renewable power sources
is required for processing workloads. On the other hand, the energy
consumption of the BCM-XCS controlled system is lower than that of
the XCS controlled system and is approximately equal to the amount of
renewable energy at the edge of the network. We can conclude that, by
continuously learning the best classifier, the BCM-XCS distributes the
workloads more optimally so that the required power could be supplied
by more by green sources than by batteries.

Reducing the energy consumption of the overall system decreases
consumption of renewable energies at the network edge. Therefore, the
difference between the energy required at the edge of the network and
the energy generated by renewable sources can be used to increase the
battery charge. Fig. 10 compares the performance of the two proposed
methods in charging the battery of the edge system.

The simulation results confirm that, in both proposed methods, the
battery begins to be charged after a short time. The highlight of the
BCM-XCS is the increase in battery level and its upward slope after the
time 1531 which approaches 1400 watts while the battery level in the
XCS approaches 800 watts. The reason for the initial fluctuations in
the battery level for XCS and BCM-XCS is the emptiness of population
and the emptiness of BCM memory in the initial state of XCS and
BCM-XCS, respectively. That is, both agents apply random actions
without any prediction. As time passes and the population is formed,
the BCM memory is filled and the BCM-XCS agent begins to apply the
best learned actions. As a result, each step increases the likelihood of
more anticipated and appropriate actions, which consequently charges
the battery more and more. As a result, this memory improves the
performance of the LCS in selecting the optimal load distributer action.

Another criterion in evaluating the efficiency of the method is
the average delay required for processing workloads. Fig. 11 shows
the average delay of processing workloads (in milliseconds) being
distributed by XCS and BCM-XCS agents. Due to the initial emptiness
of the population in both methods, the average battery level in the
first 1000 intervals has fluctuations that decrease with time. Over the
time, the population of the proposed LCS models evolves based on
the received reward and the calculated parameters of the classifiers;
therefore, the systems make better decisions and perform better actions
on the environment.

When the population of BCM-XCS is filled with randomly generated
classifiers, the learning process slows down. The processing delay is
approximately a fixed value before the time interval 5000. After this
time, the average processing delay decreases with a mild slope and



Fig. 8. Adapting XCS as a control agent for optimum workload allocation in the Fog–Cloud environment.

Fig. 9. Average power consumption.

Fig. 10. Average battery level in network edge.



approaches 4.5 s. The BCM-XCS agent uses the best classifiers stored
in BCM memory and simultaneously evolves the classifiers to accelerate the
prediction process. This accelerated evolution of the BCM-XCS is evident in
the corresponding plot. As the learning continues, the mean processing
delay decreases and reaches 3.2 s at the end of the simulation interval.

In the following, we compare BCM-XCS with four recently published
methods which are briefly described below.

Fixed Power: In this method, a fixed amount of power is allocated
to edge computations at each time interval.

Post Decision State (PDS) algorithm [13]: The PDS algorithm
captures the state of the system immediately after making a decision
but before the arrival of any new input information. The post-decision
state of a decision-making system which is considered as the end-
of-period state is called the after-state variable in the reinforcement
learning community. The PDS is used extensively in the literature on
decision trees since it breaks down the lookup problems into decision
nodes and outcome nodes, which respectively represent pre-decision
and post-decision states. When dealing with vector-valued decision of
workload allocation, the PDS seeks to minimize the long-term costs of
the system.

Q-learning [22]: Q-learning is a model-free reinforcement learning
algorithm. The algorithm aims to learn a strategy, which tells the agent
what is the best action under what circumstances. It does not need a
model of the environment and can solve the problems with stochastic
transitions and payoffs, without needing adjustments.

Myopic optimization []: This algorithm ignores the relationship
between system states and decisions; instead, it minimizes the cost func-
tion in the current state using the only current input information of the
system. That is, in the Myopic optimization model, the foreknowledge
of the workload allocation problem is condensed to a limited number of
time instances in a so-called Myopic window, which is shorter than the
full timeframe of the problem. Therefore, decisions are repeated during
the modeling period.

Fig. 12 compares the battery energy level in the proposed method
during 10 000 time intervals with that of the four rival methods. In
all methods, the renewable power sources are used in the edge system.
The battery energy in the Myopic method is usually insufficient; hence,
inevitable use of the supporting power supply imposes high costs on the
system. When a low power (e.g., 0.4 kW) is allocated in the Fixed Power
method, the battery energy level is usually significantly high (70%–
100%). This means that a large part of the renewable energy cannot
be used even for charging the batteries. Although with an appropriate
Fixed Power policy the system may reach a balance, it cannot conform
to the dynamic nature of the problem [13]. An in-depth inspection
reveals that the PDS-based algorithm keeps the battery energy level on
average around 30%, which is above the power required for processing
the workloads. The XCS-based method keeps the battery level around
40% in most of the time, which is higher than the baseline method of
PDS.

The battery energy level in BCM-XCS is often more than 60%
while in the other methods except Fixed Power (Q-Learning, PDS
and Myopic) the probability that the battery level exceeds 60% is
approximately zero. The higher battery levels achieved by the proposed
method shows the system’s efforts to distribute workloads optimally
and in a way that as much of the required energy as possible could be
supplied by renewable energy sources. As a result, the cost of battery
depreciation and the total long-term costs of the system are reduced.

Another important achievement of XCS and BCM-XCS is their effi-
ciency in fully charging the battery of the edge system. The XCS-based
methods sometimes accidentally decide to send all the workload to
the cloud regardless of the learned actions and the received rewards.
Especially in BCM-XCS, the balance between applying random actions
and using the action of the best classifier lets the renewable energy
sources to fully charge the battery. From among the four rival methods,
only the Fixed Power method with a power of 0.4 KW can fully
charge the battery. But, as compared to the XCS and BCM-XCS, which

respectively fully charge the battery in 4% and 25% of the timeline,
that competitor in only 3% of the timeline can fully charge the battery.

Another important measure for evaluating the efficiency of the
workload allocation methods is the delay in processing the workloads.
Fig. 13 compares the mean delay cost of processing workloads in
edge-fog-cloud architecture in 10 000 time-intervals. The Fixed Power
method and the Myopic method suffer from numerous delays in pro-
cessing the workloads because of the unpredictability of their allocation
policy at the beginning of the simulation. However, in PDS, Q-Learning
and the proposed LCS-based methods, the resulting delays are relatively
shorter. The mean delay cost of XCS and BCM-XCS is 4.5 and 3, respec-
tively, which is considerably lower than that of any other method. Also,
the mean delay of BCM-XCS and XCS converges to the above-mentioned
values of mean delay with the minimum fluctuations. The reason be-
hind the negligible fluctuations in the delay in processing workloads by
the proposed XCS-based methods is the effect of environment rewards
on the fitness of the matched classifiers, which enables the agent to
control any sudden increase in each of the three components of the
mean delay.

As explained in Section 3.1, the mean delay is composed of three
components, namely, delay in wireless communication, delay in the
local processing of workloads at network edge, and delay caused by
offloading the workloads to the cloud. The wireless communication
delay is the least important one. The delay caused by the base station
of the network edge for deciding on the amount of workload allocated
to each edge device and transmitting the rest to the cloud is the
second important component of the mean delay cost. The amount of
this delay can be predicted by estimating the computational burden
of the workload allocator algorithm. The offloading delay is the most
significant delay component that can considerably affect the mean
delay.

According to Fig. 13, BCM-XCS has the lowest mean delay cost. The
mean delay of this method does not exceed 6 ms. The reason is that, as
the number of time intervals increases, not only does the LCS update
the population of classifiers according to the reward, it also stores the
best classifier at each time interval in the BCM cache. As a result, the
system can apply optimal actions in the next time intervals.

5. Conclusion

Transmission of large volumes of data to the cloud causes long
delays in the processing of workloads. Alternatively, parts of the data
can be processed at the network edge to reduce the delays. However,
this leads to power deficit at the edge. This paper proposed a method
to optimize the partial distribution of workloads and create balance
between delays and power consumption at the edge.

In the proposed method, an LCS called XCS was used. XCS tries
to find optimal classifiers by interacting with the environment and
receiving rewards as well as using evolutionary algorithms such as
the genetic algorithm. In this paper, the optimal form of workload
distribution was computed for the first time by adapting the parameters
including total workload and the amount of green energy as the input
of the system. Also, in spite of the increasing number of additional
random classifier rules in the covering process, an additional memory
was utilized in the XCS system to accelerate the learning process. The
most important innovation of this paper is presenting a new LCS which
was called BCM-XCS. In this new XCS-based classifier, the application of
obscure random actions is reduced by storing the sequence of the input
conditions of the system along with the best action for each state in the
secondary memory. One of the major results of this new operation is
considerable increase in the accuracy of the LCS.

The results show that delay in processing workloads and battery
levels are considerably better in XCS and BCM-XCS than in any recent
method. In contrast to the existing methods that cannot charge the
battery to more than 40%, the proposed methods can fully charge the
battery.



Fig. 11. Mean delay of processing workloads distributed by different methods.

Fig. 12. The distribution of battery energy level over time.

Fig. 13. The mean cost of time (delay).



The mean delay cost of the XCS and BCM-XCS begins to decrease
after 1000 time slots and approaches 5 ms and 3 ms, respectively,
which is lower than that of any rival method. The proposed XCS-based
methods can be used for workload allocation in networks that have
limited access or no access to the electrical grids. In these systems, solar
or wind energies or any other renewable energy sources can be utilized
as the main, or even the sole, power supply to reduce the operating
costs of the batteries. In further studies, we may make use of machine
learning methods such as neural networks.
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