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Abstract—Energy consumption management and optimal use of node resources are key elements in the Internet of Things. 

In this study, a framework based on cognitive topology control that acts based on the LR-I learning automata and game on 

it, has been used to control power, channel and contention windows and to create preventive behavior in the network. Due 

to the limitations of nodes in the Internet of Things, the transfer of learning automata processing to the cloud, fog and edge 

has been investigated to increase lifespan, reduce memory consumption and increase processing power. The 

communication was done based on IPv6 protocol and IEEE 802.15.4 standard. The nodes also used the uIP lightweight 

protocol stack and the RPL lightweight routing protocol. In order to use the sixth version of the Internet Protocol in the 

IEEE 802.15.4 standard platform, the 6LoWPAN protocol has been used to compress and convert headers. Computing on 

fog nodes has also been used to perform game calculations on automata. Finally, the Cooja simulator was used in the 

Contiki operating system to evaluate the efficiency of the proposed method, which showed the superiority of the proposed 

method in energy consumption, memory usage and processing power compared to other methods that control power and 

channel. 

 

 
Index Terms— Fog computing, Internet of Things, Learning automata, 6LoWPAN.  

I. INTRODUCTION 

oday, the Internet of Things (IoT) is becoming more widespread than ever. Smart energy, smart agriculture, smart farming, 

smart house and building, smart transportation, smart health, smart city and smart living environment are just a few examples 

of these applications. 

Things on the Internet of Things often have limiting properties. Things often have low processing power, low memory and limited 

energy source. The ultimate goal of this research is to provide a solution to increase quality of service parameters and improve 

energy consumption by considering these limitations. Due to the mentioned limitations, it is not possible to use common Internet 

protocols and routing protocols in these devices. Many devices on the Internet of Things use the IEEE802.15.4 standard for 

communication. On the other hand, the increasing development of the IoT and the proliferation of devices that require a network 

connection make the use of IPv6 to address this volume of devices mandatory. But the MTU on the IPv6 is 1280 bytes, and the 

maximum frame size in the Mac layer of IEEE 802.15.4 standard is 127 bytes. In addition, only 102 bytes of 127 bytes of frame 

size are allocated for IPv6 packages. If we consider the maximum security, only 81 bytes remain. For this purpose, the 6LoWPAN 

protocol was introduced for the use of IPv6 in the IEEE 802.15.4 standard. This protocol is actually an adaptive layer between the 

network layer and the Mac. One of the most important tasks of this layer is to compress and fragment the IPv6 package header and 

compress the UDP header. According to the content, nodes on Internet networks must support IPv6 and use the 6LoWPAN protocol 

if using the IEEE 802.15.4 standard. 

The use of topology control for optimal use of limited resources of these devices can have a significant effect on performance 

improvement. Many topology controls operate on the basis of cooperation among nodes, and some do not consider the mobility of 

nodes. Cooperation among nodes leads to increased network traffic and reduced node performance. Others have tried to solve this 

problem by using cognitive and learning elements. But most of these control topologies do not take into account the limitations of 

the Internet of Things and are not applicable to it. Using edge, fog and cloud computing can overcome many of these limitations. 

Therefore, this paper presents a framework with the use of cognitive topology control based on learning automata for power and 

channel control. By controlling the power, the energy consumption of nodes is reduced, which this leads to an increase in their 

lifespan and efficiency due to the limitation in the energy source of nodes. Channel control is also done to allocate channels without 

collision with nodes and reducing network latency. On the other hand, automata processing has been transferred to the fog to 

reduce the workload on the processing core of the nodes, minimize energy consumption and use less memory of nodes. In 

implementing this topology control, IoT constraints are considered and the RPL lightweight protocol is used for routing and uIP 

protocol stack, which is a lightweight stack based on the TCP/IP protocol stack. The 6LoWPAN protocol is also used to support 

IPv6 in this protocol stack. 

T 
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The rest of paper is organized as follows. In the section II, the proposed method is then described in section III and the efficiency 

of the proposed method and the results of simulations are presented in section IV. Discussion and conclusion are also included in 

section V. 

II. THE PROPOSED METHOD 

In this section, the specifications of the proposed topology control and learning automata are first described, then the automata 

processing with the proposed method and framework called EPLM (External Processor Learning Machine) is described. In this 

paper, an external processor (cloud, fog, or edge) is used for the first time for automata computations to control power and channel 

for IoT. Also, the type and content of messages that need to be exchanged, and the power and channel determination way by the 

game on the learning automata in the external processor, are presented precisely in a new way and with high efficiency and superior 

to the methods that have existed so far. The processing cycle and the relationships between them are shown in Fig. 1. 

Two cognitive elements have been used in creating topology control, one for power control and the other for channel control 

and contention window. Initially, the probability of establishing a link for all links is estimated with BPST.  

Then the transmission power, channel and contention window for the nodes are determined by playing on the learning automata 

and sent to the nodes. Power is then updated in the physical layer, channel and contention window in MAC layer. Finally, the 

nodes send the necessary messages to the fog processor to calculate the feedback so that the next round of the game can be 

performed on the automata and new values of power, channel and contention window can be specified. The automata used in this 

study is of LR-I, structure-variable type and has a limited number of operations (FALA). The game on the automata continues until 

it reaches Nash equilibrium. 

With the launch of the RPL Routing Protocol, client nodes are detected and notified to an external processor. Then, part of 

memory is allocated to each nodes in the external processor and initial values are given to it (the first column on the left of Fig.    

1). 

The total number of client nodes is notified to the clients, and each node builds a totally zero vector with a length of the number 

of clients plus three. At the beginning of the vector, the letter N is used to mean neighbors. From now on, each node, according to 

the end of the inter-network address of its neighboring nodes, puts the appropriate index in vector 1 (meaning to be a neighbor). 

The last two values of the vector are first filled with the letter R and then the response of the environment to access the channel (0 

or 1). Since now, we call this vector the information vector. 

A. Estimation of link establishment 

 

You can see the link establishment estimation step briefly in in Algorithm 1. 

The link establishment estimation is run for all possible links, but all its processing is done on an external processor (first row, 

Fig. 1). Eq. 3 has been used to use history and learning. The number of repetitions of the algorithm (m) depends on the next step 

of power control algorithm. This means that until the game on the automata reaches Nash equilibrium for power determination, 

the link establishment should be estimated. Environmental feedback for the first iteration is considered positive. 

B. Determination of the transmission power 

The power determination algorithm for i-th automata, corresponding to i-th node in the network, is shown in algorithm 2. This 

game has been used to allocate optimal power to nodes. 

The phrase inside the first parentheses in Eq. 7 is used to score lower powers. The result of the link establishment estimation 

algorithm is also used in the g function to give higher value in the utility function to the powers that lead to maintaining more 

stable links. 

In order to reduce the volume of automata calculations, reduce the messages sent to the node and increase the efficiency, in the 

interruptions between the repetitions of the power determination algorithm, the following Equation is checked to determine the 

nodes participating in the next iteration. |∑ 𝑃𝐿𝐶(𝑖𝑙)𝑛𝑛𝑙=1 − 𝑀′| ≤ 𝑇ℎ                                                  (Eq. 9)   
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Algorithm 2 

Game on Learning 

Automata for Power 

Control 

   Process in external processor:

goals:

node:

Transferring values within external 
processor:

Transfer from external processor to 

node:

Transfer from node to  external 

processor:

Eq. number:

Memory in the external processor:

Initialization and storage of 

values in external processor 

Ai = {tpowi1, tpowi2, …, tpowimax}
PAi = { Ptpowi1, Ptpowi2, …, Ptpowimax }

Neighbors list

a and b
PLCij

a

b

Chi = {chi1, chi2, …, chim}

PChi = {Pchi1, Pchi2, …, Pchim}

CWi

Ptri

1

Xij(t)

2

PLCij(t)

3

Determining the nodes 

involved in the power 

control stage

9

Select the power 

with the highest 

probability
UPOWi

7

g(tpowij)

6

Ptpowi

8

Calculate

function f and 
Check the k-

hop connections 4

node i

Select the channel 

with the highest 

probability
UChi

10

PChi

11

Ptri(t+1)

12

CWi(t+1)

13

Link connectivity 

estimation

Power control

Channel control

number

0 or 1

PLC

Xa and ba and b

PLC

M

R PLC

g(tpow)

UPOWi

tpowimax

tpowij

Ptpow

PA and A

tpow

CW

ChPCh{}  and Ch{}

Ch

UCh

channel is busy or not

PCh

Ptr

PtrCW

Neighbors list (t)

tpow

Neighbors list

0 or 1

Fig. 1.  Processing cycle in EPLM 

Algorithm 1. 

Estimating Link Connectivity (establishment) 

Given: R (environment response = link connectivity in previous round), λ (learning parameter), m (number of iterations) 
FOR each link 

Step 1. Initialization 

Put: PLcij = 0      // Probability of link connectivity Between nodes i and j 

Put: a = b =1      //a is number of times link connectivity exists and b  indicating the opposite 

Put: m = 0 

FOR m = 0 to m 

Step 2: Link connectivity estimation 

(Eq. 1) Phase 1: If R(t) = 1 THEN Put 𝑎𝑖(t)  = 𝑎𝑖(t − 1)  +  1; 𝑏𝑖(t)  =  𝑏𝑖(t − 1) 

ELSE Put 𝑎𝑖(t) =  𝑎𝑖(𝑡 − 1); 𝑏𝑖(𝑡) = 𝑏𝑖(𝑡 − 1) + 1 

(Eq. 2) Phase 2: 𝑋𝑖𝑗(𝑡) is calculated using  
∫ 𝑣𝑎−1(1−𝑣)𝑏−1𝑑𝑣𝑋𝑖𝑗(𝑡)0∫ 𝑢𝑎−1(1−𝑢)𝑏−1𝑑𝑢10 = 95100        // Xij is probability of link connectivity reward 

(Eq. 3) Phase 3: Put 𝑃LCij (𝑡) =  𝑃LCij (𝑡 − 1) +  𝜆(𝑋𝑖𝑗  (𝑡) − 𝑃LCij(𝑡 − 1)) 

END FOR 

END FOR 

END 
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Given: 𝐴𝑖 = {𝑡𝑝𝑜𝑤𝑖1. 𝑡𝑝𝑜𝑤𝑖2. … . 𝑡𝑝𝑜𝑤𝑖𝑚𝑎𝑥} (power action set (r actions)), n (Number of node i neighbors at instant t which are connected to node i based on 

tpowij), w, PLC(il) (probability of the link connectivity of the nodes which are connected to node i based on tpowij), λ (learning parameter) 

FOR each node i 

DO: 

Step 1. Initialization 

Put: Ptpowij(t) = 1/r    ∀j=1…r          // Probability of actions (r actions) 

WHILE Nash equilibrium is reached 

Step 2: The beginning of the game for power adjustment 

Phase1: IF probabilities are equal THEN select the action with the maximum power (to prevent interruption) 

ELSE select the jth action (tpowij) from action set based on the probability value of that action 

END IF 

(Eq. 4) Phase 2: IF k_hop connectivity retained THEN set the function f to 1  

      ELSE set f to zero 

      END IF 

Remove any nodes that were not in the list of neighbors in the last w iterations 

(Eq. 5)            Put 𝑀 = ∑ 𝑃𝐿𝐶(𝑖𝑙)𝑛𝑙=1 𝑛    
(Eq. 6)            Put 𝑔(𝑡𝑝𝑜𝑤𝑖𝑗) =  𝑀 −  √1𝑛  ∑ (𝑃𝐿𝐶(𝑖𝑙) − 𝑀)2𝑛𝑖=1  

(Eq. 7)           Put 𝑈𝑝𝑜𝑤𝑖 = (1 − 𝑡𝑝𝑜𝑤𝑖𝑗𝑡𝑝𝑜𝑤𝑖𝑚𝑎𝑥) ∙ 𝑔(𝑡𝑝𝑜𝑤𝑖𝑗) ∙ 𝑓(𝑡𝑝𝑜𝑤𝑖𝑗)                                   
// Calculation of utility function 

 

(Eq. 8) Phase 3: Put Ptpowij(t + 1) =  Ptpowij(t) +  λ ∗ (Upowi)(1 −   Ptpowij(t)) 

      FOR all l ≠ j  
Put Ptpowil(t + 1) = Ptpowil(t) −  λ ∗ (Upowi −    0.1)Ptpowil(t) 

END FOR 

END WHILE 

END FOR 

END  OF GAME 

 

Where n is the number of neighboring nodes for the node i (direct neighbors), PLC(il) is the probability of a link establishment 

between node i and its neighbors, M΄ is the mean probability of a link establishment between node i with its neighbors, and Th is 

the threshold based on network conditions. 

If the mean difference in the probability of establishment link between node i and its neighbors in two consecutive iterations 

exceeds the threshold, it is more likely that either higher or lower power is allocated, which will lead to network outages. Therefore, 

only nodes for which the difference in mean probability exceeds the threshold are included in the next iteration of the power 

algorithm. 

As shown in Fig. 1, the selected power by automata is declared to node by a message from the external processor, and the node 

uses that transmission power to transfer the packages. Then the node completes the first part of the data vector and sends it to the 

external processor by completing the channel determination step and completing the data vector. To calculate the f function and 

feed the link estimation step, two vectors containing neighbors' data are given to block No. 4. The vector sent by node is the 

neighbors based on the selected power, but the other vector is the w neighbors of the previous iteration. w has been used to prevent 

the removal of a neighboring node due to incorrect power selection. The higher the node speed and network dynamics, the lower 

the value of w is considered, because the nodes exit the neighborhood more quickly, and the higher the value of w, the lower the 

efficiency and incorrect zeroing of the function f and the efficiency function. 

C. Determination of the channel and contention window 

This step has been used to allocate the channel without collision with the nodes and reducing the delay and increasing the 

successful delivery rate of the package. The channel and contention window determination step is summarized in Algorithm 3. 

The number of iterations of this algorithm depends on the number of nodes requested to access the channel. 

 
Algorithm 3 

Game on Learning Automata  for Channel Control 

Given: 𝑐ℎ𝑖  =  [𝑐ℎ𝑖1. … . 𝑐ℎ𝑖𝑚] (channel action set), C (constant value), λ (learning parameter), α (between  0 and 1) 

FOR each node i 

Step 1. Initialization 

Put: Pchij = 1/m    ∀j=1…m                    // Probability of actions (m actions) 

  Put: 𝑃𝑇𝑟𝑖(0) = 0.5                     //              Channel access priority 

WHILE Nash equilibrium is reached 

Step 2: The beginning of the game for channel allocation 

Phase1: Node i waits for CWi (x.C in first iteration that x is number 

                  between 0 and 1)  

Phase 2: IF probabilities are equal THEN the channel is randomly 

                   selected 

ELSE select the jth action (chj) from action set based on the probability value of that action 

(Eq. 10)  Phase 3: Based on the response received from the environment: 
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            IF chi is free THEN set Uchi to 1                                                    // Calculation of utility function 

                   ELSE set Uchi to zero 

(Eq. 11) Phase 4: Put  Pchij(t + 1) =  Pchij(t) +  λ ∗ Uchi ∗ (1 −   Pchij(t))                    // Update Probability of actions 

      FOR all m ≠ j Put Pchim(t + 1) =  Pchim(t) −  λ ∗ (Uchi −   1/2) ∗ Pchim(t) 

      END FOR 

(Eq. 12)    IF channel is busy THEN put 𝑃𝑇𝑟𝑖(𝑡 + 1) =  𝑃𝑇𝑟𝑖(𝑡) +  𝜆 ∗   (1 −  𝑃𝑇𝑟𝑖(𝑡)) 

      ELSE Put 𝑃𝑇𝑟𝑖(𝑡 + 1) =  𝑃𝑇𝑟𝑖(𝑡) −  𝜆 ∗ (𝑃𝑇𝑟𝑖(𝑡)  −  𝛼)             //Update channel access priority 

(Eq. 13) Phase 5: Put 𝐶𝑊𝑖  =  (1 – 𝑃𝑇𝑟𝑖) ∗ 𝐶        //Update contention window 
END WHILE 

END FOR 

END OF GAME 

 

Eq. 12 and 13 are used to increase the priority and chance of access to the channel for nodes that have more traffic to prevent 

package buffer filling and increased latency. α  is also used to prevent node deprivation from accessing the channel. 

As shown in Fig. 1, the channel and contention window in the external processor are specified and declared to node. The node 

then accesses the channel according to the contention window. And depending on whether the channel is free or busy, completes 

the last value of the data vector and the vector is sent to an external processor. Each node operates until a message is received from 

an external processor, based on the latest power, channel, and contention window (initially according to the initialization in step 

1). 

 

 

 

 

 

III. SIMULATION RESULTS  

Simulations were performed with the Cooja simulator and Z1 motes in 2800 seconds. All motes use the IEEE 802.15.4 standard, 

IPv6 protocol. The 6LoWPAN protocol is used to compress the IPv6 package header. RPL protocol is also used for routing and 

UDP protocol is used for package transfer. The proposed method (EPLM) is compared with the improved TCLAB method, which 

is simply called TCLAB. Changes have been made to the structure of TCLAB method and the new method has been compared 

with higher efficiency. The simulation is done based on the transfer of processes to fog, but because the framework provided for 

the cloud and edge can also be used, it is referred to as an external processor. A processor with 1.8 GHz frequency is also used as 

a fog processor. 

 

First, memory consumption is compared for two methods. Then, by changing the parameters 1- number of neighbors, 2- 

percentage of package delivery and receiving success in transmission range, 3- transfer range and distance from server and 4- 

mobility and speed of node movement. Total energy consumption (mean of each node) and quality of service parameters such as 

end-to-end delay and successful package delivery rate were compared for the two methods. 

Some of the initializations . 

The alpha value is determined to be 0.25, and threshold are also determined in proportion to the dynamics and allowable 

velocities of the nodes in that network. The number of authorized channels is considered to be 10, and the authorized power to be 

selected by each node in the simulation are considered to be 3, 7, 11, 15, 19, 23, 27, and 31, respectively that the allowable hardware 

values and corresponding values are 025 dBm to 0 dBm. These values are approximately in the range of 1 mW to 1 Watt. 

A. Memory consumption 

The nodes in the network that run TCLAB have higher memory usage than EPLM due to the automata execution within them. 

The memory usage according to the code of each node is as follows: 

At TCLAB, nodes consumed 50,740 bytes of 92 KB of flash memory and 6,634 bytes of 8 KB of RAM. 

These values for EPLM are 48,308 bytes of flash memory and 6,316 bytes of RAM. Therefore, using EPLM saves more than 

2.5% (2.64%) of flash memory consumption compared to TCLAB. Also, using EPLM will save about 4% (3.97%) of RAM usage. 

B. Evaluating the effectiveness of the proposed method 
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(a) Energy consumption 

 
(b) end-to-end delay 

 
(c) Successful packet delivery rate 

Fig. 2  Comparison of energy consumption, successful packet delivery rate and end-to-end delay of EPLM and TCLAB with different Probabilities of success in 

message transmission 

1) Investigating the effect of number of neighbors on efficiency 

 

Simulation in this part is performed for 2, 4, 6, 8, 10 and 12 neighbors for each node, and the successful delivery rate of the 

package in the transfer range is considered to be 98%. 

The number of neighbors is a factor influencing the efficiency of both methods. In both methods, the volume of packages varies 

according to the total number of nodes within the network (data vector). The number of nodes also affects the size of automata 

calculations (effective at the link connectivity estimation stage). Therefore, increasing the number of nodes further affects the 

efficiency of TCLAB, because automata processing in TCLAB is done in TCLAB within the node, but in EPLM, at the fog node. 

The simulation result also confirms this by increasing the CPU energy consumption in TCLAB more than EPLM. 

In addition, increasing the number of neighbors increases the number of messages in TCLAB and reduces its efficiency. But 

increasing the number of neighbors does not increase the number of messages in the EPLM (although RPL messages increase) and 

only affects the size of the sent packages. According to Fig. 2-a, the growth of energy consumption is evident in both methods (in 

sending and receiving), which is due to the increase in the volume of packages and the increase in the number of RPL messages. 

However, due to the increase in the number of messages because of the increase in the number of neighbors in TCLAB, the growth 

of energy consumption is higher than EPLM. Also, due to the greater number of messages in TCLAB and the intrinsic constraint 
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of nodes, there is a significant difference in end-to-end delay and successful package delivery rate compared to EPLM (Figures 2-

b and 2-c). 

 

2) Investigating the effect of success rate of sending and receiving packages in the range of sending and receiving, on efficiency 

For various reasons, such as noise in the environment and the network in which the nodes operate, the probability and percentage 

of success of sending (tx) and receiving packages (rx) in the range of sending and receiving may be less than 100%. In order to 

measure this on efficiency of both methods, different simulations with 100, 80, 60 and 40% have been performed for the success 

of sending and receiving packages. The number of servers for all simulations is 2 and the number of neighbors (for each client 

node) is 6. For better measurement, the number of neighbors is not considered low, and having two servers for optimal performance 

in a model where the probability of success of sending and receiving is 100%, to more obviously show the effect of reducing the 

probability of success sending and receiving. 

According to Fig. 3, the superiority of EPLM in energy consumption (Fig. 3-a), end-to-end delay (Fig. 3-b) and successful package 

delivery rate (Fig. 3-c) with different probabilities of success in sending and receiving, compared to TCLAB is still standing. The 

reason for these superiorities is similar to the reasons given in part 4-B-1. 

With the increase in the likelihood of success in sending and receiving in both methods, the rate of successful sending of the 

package has also increased with gradual growth; but in terms of energy consumption and end-to-end delays, we're witnessing a 

sharp change in the chances of success in sending and receiving to more than 60%. 

According to Fig. 3, the use of EPLM in networks with a low probability of success in sending and receiving is much more effective 

than TCLAB, because in low probabilities, the difference between the two methods is very large in the end-to-end delay and energy 

consumption, and as the probability increases, this difference decreases numerically, but the EPLM remains superior.  

 

3) Investigating the effect of maximum transfer range and node-server distance on performance 

In this part, the effect of maximum node transfer range and node-server distance on performance is measured. 

 
(a) Energy consumption 

 
(b) end-to-end delay 

 



 8 

(c) Successful packet delivery rate 

Fig.  3  Comparison of energy consumption, successful packet delivery rate and end-to-end delay of EPLM and TCLAB with different Probabilities of success in 

message transmission 

 

The number of neighbors is 6, number of servers is 2 and the probability of sending and receiving packages is 1. Simulation is 

performed for maximum ranges of 25, 50, 75, and 100 m (distances). 

The results of simulations showed that changing the maximum transfer range (distance from the server), by keeping the distance 

between client and neighbor nodes constant, has little effect on energy consumption, latency and successful packet delivery rate. 

Because the calculations of the core do not differ and there is no change in sending and receiving messages between neighbors 

(because the number and distance of neighbors remain constant and only the distance of the server has changed). But changing the 

maximum transfer range in networks where nodes are moving will be effective due to the change in the number of neighbors (also 

in the stationary state, if the number of neighbors increases with increasing transfer range). Therefore, changing the data transfer 

range alone is not a very effective factor, unless it leads to a change in the number of neighboring nodes. 

 

 
(a) Energy consumption 

 
(b) end-to-end delay 

 
(c) Successful packet delivery rate 

Fig. 4  Comparison of energy consumption, successful packet delivery rate and end-to-end delay of EPLM and TCLAB with different speeds (with 20 client 

nodes) 

On average, EPLM outperformed 8.5% in energy consumption, 18.86% in successful package delivery rate, and 25.99% in end-

to-end delay compared to TCLAB in total simulations in this part. 
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4) Investigating the effect of mobility and velocity of nodes on efficiency 

In many Internet of Things networks, nodes are moving. Mobility and velocity of movement are factors that affect the efficiency 

of Internet of Things networks. In order to conduct a more comprehensive and realistic test for comparing both methods and to 

investigate the effect of mobility and velocity, simulations with different mobility speeds and high number of client nodes have 

been performed. For all simulations, the number of client nodes is considered 20 or 45 and the number of server nodes is considered 

9. For all simulations, the nodes are randomly arranged. Bonnmotion's program is used to create Random Waypoint model to create 

random motion. Random order and random motion have been considered the same in both methods. But in order to get a more 

realistic result without dependence on random ordering and movement, a number of simulations with different movements and 

arrangements are created for each method, and finally the average results are used for comparison. The probability of successful 

sending and receiving is 98% and the network space is considered 500 m * 500 m. The simulation results with 20 client nodes are 

shown in Fig. 4 and with 45 client nodes in Fig. 5.   
 

 
(a) Energy consumption 

 
(b) end-to-end delay 

 
(c) Successful packet delivery rate 

Fig. 5  Comparison of energy consumption, successful packet delivery rate and end-to-end delay of EPLM and TCLAB with different speeds (with 45 client 

nodes)  

Due to the output of the simulations, the mobility of nodes has a significant effect on their efficiency. But changing the speed 

does not make a big difference in efficiency (compared to mobility and immobility). In other words, efficiency has experienced a 

greater change between the state of nodes’ mobility or not and not to change the speed. If we leave the immobility mode aside 

(zero speed), there will be no difference by increasing the mobility of the nodes, the end-to-end delay (Fig. 4-b and Fig. 5-b) and 
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the successful package delivery rate (Fig. 4-c and Fig. 5-c), but the energy consumption of the nodes is increased (Fig. 4-a and Fig. 

5-a).   
EPLM has maintained its superiority over TCLAB, according to simulations conducted in this section. In addition, by increasing 

the size of network and the number of nodes, there has been an increase in performance differences, especially at successful 

package delivery rates. This indicates a major weakness in TCLAB, the use of which can only be justified for small networks, 

because as the size of the network and the number of nodes increases, the information of neighbors, which is a key element in the 

correct automata processing, is lost in an unacceptable way. Another important conclusion that can be drawn from simulations in 

this part is that the efficiency of both methods decreases with increasing network size, which is rooted in the limitations of devices 

on the Internet of Things. Finally, according to the results, TCLAB is very sensitive to network size and node mobility, and this 

sensitivity is much lower for EPLM. 

For better comparison and independence of the results on a certain speed, other simulations are performed for both methods 

with variable speeds between 1 and 15 m/s. It should be noted that for each method, a number of simulations are performed and 

the mean results are used. 

The results show that 8030 mJ energy consumption is more in TCLAB. In other words, TCLAB consumes about 33% energy more 

than EPLM. Also, the delay in TCLAB is 2.9 times that of EPLM and the successful package delivery rate is 0.18 times that of 

EPLM. 

 

IV. DISCUSSION AND CONCLUSION 

Given the limitations in memory, energy sources, and processing power of devices used in the Internet of Things, it is vital to 

provide solutions to improve resource utilization. On the other hand, maintaining quality of service standards is essential to have 

efficient networks. To this end, several methods have been proposed to control power and channels to reduce energy consumption 

and improve service quality standards, some of which were mentioned in section II. Methods that have used learning, outperformed, 

but often neglect the inherent limitations of objects. Using an external processor (cloud, fog and edge) is a way to improve resource 

usage and network performance, unfortunately, there has been no research on the Internet of Things for power and channel control  
simultaneously. 

In order to evaluate the efficiency of using an external processor to control power and channel, a new framework was provided 

based on learning automata and an external processor, and the efficiency of this method was compared with the best method that 

did not use an external processor (edge processing). Performance comparisons were made in several sections, and the superiority 

of the proposed method (EPLM) in memory consumption, power consumption, and processor utilization was proven. The results 

also showed an improvement in quality of service criteria when using an external processor (fog computing). 

The results of simulations showed that if the automata was executed on the nodes, the quality standards of the service would be 

drastically reduced and the energy consumption would be greatly increased. This decline in quality makes it impossible to use the 

methods presented in section II for the limited nodes available on the Internet of Things. While using fog computing saves about 

33% in energy consumption and reduces latency 3 time, and more importantly, the successful package delivery rate will improve 

up to 5 times. These results are given by assuming to have 1-step (k = 1) information about a neighboring, which also improves 

performance by increasing k, due to less error in detecting stable links. But increasing k is costly if an external processor is not 

used. However, the proposed method assumes that information is sent in one step, and if an increase in k is required, calculations 

in an external processor can be performed without applying any additional costs to the client nodes. This fact makes the use of 

EPLM even more preferable. 

However, if a cloud, fog or edge processor is used, this transfer delay must also be calculated and considered based on the type 

of external processor and the facilities available. Also, the cost of using an external processor should be compared with the 

improvement in the network used, and the cost of replacing the energy sources of the nodes (different depending on environmental 

conditions) and the efficiency required by them (depending on the function of each node) should also be considered to decide on 

the use of EPLM in a specific network. However, due to the sensitivity of the rapid response to the environment in proposed 

method (especially if the nodes are mobile), the use of edge and fog computing is preferred over cloud computing due to better 

transfer speeds. 
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Figures

Figure 1

Processing cycle in EPLM



Figure 2

Comparison of energy consumption, successful packet delivery rate and end-to-end delay of EPLM and
TCLAB with different Probabilities of success in message transmission



Figure 3

Comparison of energy consumption, successful packet delivery rate and end-to-end delay of EPLM and
TCLAB with different Probabilities of success in message transmission



Figure 4

Comparison of energy consumption, successful packet delivery rate and end-to-end delay of EPLM and
TCLAB with different speeds (with 20 client nodes)



Figure 5

Comparison of energy consumption, successful packet delivery rate and end-to-end delay of EPLM and
TCLAB with different speeds (with 45 client nodes)


