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Abstract

:

With the rapid development of the social economy, high-voltage transmission lines as power supply infrastructure are increasing, subsequently presenting a new challenge to the effective monitoring of transmission lines. The dynamic sensor network integrated with robots can effectively solve the elastic monitoring of transmission lines, but the problems of real-time performance, energy consumption and economy of the network need to be solved. To solve this problem, a dynamic network deployment method based on the hybrid hierarchical network (HHN) is proposed to realize a low-cost, energy-saving and real-time dynamic sensing system for overhead high-voltage transmission lines. Through case analysis and simulation, combined with the vague set multi-attribute decision-making method (MADM) with scheme preference, the network deployment and optimization results under multi-parameter constraints are obtained.
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1. Introduction


With the rapid development of social economy, high-voltage transmission lines as power supply infrastructure are promptly increasing in number. As the transmission lines are usually set up in the field and exposed to a harsh environment for a long time, their operation status monitoring is particularly important. In our previous research [1,2,3,4], a multi-robot cyber physical system (MRCPS), as shown in Figure 1, was proposed to solve the problem of sensing environmental variables of transmission lines.



This novel system combines the characteristics of an inspection robot (IR), wireless sensor networks (WSNs), and a transmission line environment to realize remote monitoring of smart grids [1]. In this system, we adopt the interrupt/delay tolerance technology to realize data elastic transmission. Moreover, network coverage technology improves the delay characteristics of non-real-time network communication. However, transmission lines have long span sections across water areas, randomly distributed tension towers and other key areas. Non-real-time data will affect the continuous monitoring and remote control of robots. Thus, extending MRCPS to construct a regional full-real-time network has become a new challenge.



Nowadays, WSNs are low cost, self-organizing, and dynamic, but their invulnerability in the complex environment needs to be improved [5]. Although 4G/5G communication can provide enough bandwidth, its operation and deployment costs are higher, and there is no signal coverage in remote mountainous areas [6,7]. Optical fiber composite overhead ground wire (OPGW) of smart grids can provide high-speed and long-distance optical fiber communication, but the network expansion performance is limited [8]. Considering the above factors and existing technologies, it is a feasible scheme to construct a hybrid hierarchical network compatible with optical fiber communication and a wireless network.



In this paper, the real-time and reliability of robot inspection and control information are taken as the optimization objectives. Therefore, we focus on the deployment strategy of a dynamic robot hybrid network for smart grids. The research state related to the deployment strategy of a hybrid layered network and its adaption for transmission lines monitoring is as follows.



For transmission line monitoring, multiple fixed sensors are often used to form hybrid multi-layer sensor networks for sensing the state of transmission lines. The deployed sensors will be used to sense the mechanical, physical, or electrical parameters of smart grids, and transmit the data to the monitoring center through the Internet of Things (IoT) [9,10,11]. WSN provides a cost-effective way to quickly establish the communication infrastructure and transmit data from sensors to substations [12,13]. Initially, a small-scale deployment of wireless sensor networks was used to monitor the tension [14], sag [15], and other parameters of transmission lines. For WSN, some towers are not directly connected to the substation and need to send their data to nearby towers closer to the substation. In such a hop-by-hop transmission manner through linear network topology, the data will eventually arrive at the substation.



However, the wireless network with low bandwidth or data rate limited the monitoring ability [10]. The hybrid hierarchical network is a feasible solution to this problem [16]. It not only retains the flexibility of wireless network deployment, but also improves network performance through a wired network.



A hybrid hierarchical network is a multi-level network structure that integrates multiple communication technologies which have different functions and computing capabilities [17]. The author in [18] proposed to install cellular nodes on each transmission line tower, but this can be prohibitively expensive if there is a large number of towers. To ensure the economy of the network and the timeliness of data, it is very important to deploy the cellular tower and optical fiber-separated towers reasonably. The deployment of its network usually takes into account node energy consumption, cost, end-to-end delay, and network robustness, etc. [19,20,21,22].



Research on hybrid layered network deployment is based on the wide area network (WAN) and WSN. The authors in [23] have formulated a placement problem to determine the number and locations of cellular-enabled towers, such that the installation and operational costs are minimized while satisfying the end-to-end delay and bandwidth constraints of the data stream. Moreover, a linear integer programming model with minimum cost was proposed. However, this method is not suitable for solving nonlinear problems. On this basis, the authors in [24] proposed to use a genetic algorithm to solve the optimal deployment location of network nodes. However, the authors in [23] and [24] have not considered the fact that cellular network coverage may not be available in unpopulated areas. In this case, other forms of WAN, such as satellite communications with universal coverage, should be considered as an alternative to the cellular networks. In [24], considering the requirements of quality of service (QoS) and network robustness, cellular network and satellite network are used to realize communication with the monitoring center. Standard genetic algorithms are used to determine the number, location, and type of WAN connections to be deployed to minimize costs while meeting QoS and robustness requirements.



Research on the hybrid layered deployment network combines the wire network with WSN. The authors of [25] were the first to propose a two-level model, which is especially used to support the application of overhead transmission line monitoring. However, considering the topology constraints of transmission lines, wireless nodes a low bandwidth and low data rate cannot transmit large amounts of data in multi-hop mode. The authors of [26] proposed a reconfigurable network model and studies it from the perspective of security and delay. The goal is to minimize time delays without considering cost and energy constraints. The authors of [27] proposed a theoretical model for the deployment of an optical fiber splitter with the goal of cost and end-to-end delay optimization, and the model was solved by using particle swarm optimization (PSO). This method does not consider the energy consumption of nodes, and it also lacks adaptability in different scenarios. In [20], a network node with optical fiber access is deployed every several towers, and a sequential control scheme is proposed to achieve the best energy efficiency of the nodes, but no specific deployment scheme is given. The authors of [28] introduced the concept of a network partition and proposed a data aggregation point layout algorithm based on clustering to solve the network deployment problem. In this method, the whole network is divided into several sub-nets, and a data aggregation point is deployed in the best location of each sub-net. The authors of [29] proposed a hybrid detection network model based on OPGW and WSN, which mainly studies the power allocation of wireless sensor data transmission. At the same time, the layered network based on the Internet of Things is also widely used in the monitoring of power grid [30,31,32].



To sum up, a hybrid hierarchical network contains a variety of communication modes, and its node deployment is a multi-objective optimization problem. The common methods to determine the optimal deployment location of nodes include linear integer programming, particle swarm optimization, genetic algorithm, etc. At present, few studies have proposed to achieve the real-time monitoring of transmission lines by a robot inspection system based on a hybrid hierarchical network. Furthermore, the existing research has not fully considered the adaptability of the algorithm to the characteristics of transmission lines, such as the number of towers of different sizes. Therefore, we propose a hybrid hierarchical network and its optimization deployment method for MRCPS. It can not only solve the problem of over the horizon real-time communication of inspection robot in key areas, but also realize low-cost and high-efficiency real-time monitoring of transmission lines.



In this article, a robot hybrid hierarchical network (RHHN) and its deployment method are proposed to monitor the state of transmission lines for cyber physical system applications. In addition, the adaptability of the algorithm to the characteristics of transmission lines is fully considered. The main innovations are as follows:




	
A remote real-time communication method based on a hierarchical network for transmission line inspection is proposed.



	
The optimal deployment model of RHHN is given, and the constraints of smart grids are considered.



	
Combining the improved PSO algorithm with the MADM, a specific communication network layout scheme is given.








The structure of this paper is as follows: Section 2 describes the components of RHHN and its deployment model methods. Section 3 discusses the developed methods and algorithms. Simulation work, numerical results and discussions are presented in Section 4, and we conclude the paper in Section 5.




2. RHHN and Deployment Model


This section introduces the design and deployment model of RHHN. Firstly, the characteristics of transmission lines are analyzed to establish RHHN. Secondly, the online motion law of the inspection robot is analyzed, and the motion model of the inspection robot is proposed. Thirdly, combined with the motion model, the calculation method of energy consumption and delay in the data forwarding process of the inspection robot is given. Finally, under the constraints of network connectivity, robot endurance, and bandwidth, a deployment model of RHHN is proposed.



2.1. Robot Hybrid Hierarchical Network


RHHN integrates OPGW, wireless fidelity (Wi-Fi), and general packet radio service (GPRS) to meet the constraints of data delay, bandwidth, and robot endurance while minimizing deployment costs. Its hybrid hierarchical network communication architecture is shown in Figure 2, which is mainly composed of the following parts:




	
Dynamic node: inspection robot (IR).



	
Wireless relay node (WRN): communication base station without optical fiber connection equipment.



	
Wireless central node (WCN): communication base station with optical fiber connection equipment.



	
Central monitoring center (CMC): indoor centralized monitoring platform.








The communication node (WRNs and WCNs) structures are shown in Figure 3. Their main components include an optical switch, a bridge, GPRS equipment, Maximum Power Point Tracking (MPPT), and a Central Processing Unit (CPU). The CPU controls the whole communication node. MPPT connects solar panels and batteries to realize an automatic power supply. The optical switch provides a stable optical communication link for the network. Then, the network bridge and directional antennas are used to provide directional wireless signals, which cover the transmission line area linearly and provide network access services for other equipment. Moreover, GPRS equipment is configured to obtain the public network access capability in an emergency.



RHHN adopts an optical fiber relay network to form a backbone network. WCN and WRN provide directional wireless signals, which are linear network coverage of transmission line corridors. Therefore, RHHN provides network access services for robots and tower equipment; thus, the inspection data are finally transmitted to the indoor centralized monitoring center. In addition, when the robot is in the wireless coverage blind area and GPRS is available, the robot can use GPRS to feedback to the running state. Furthermore, to prolong the survival period of the node in the harsh environment, RHHN also realizes the sleep scheduling of the communication node through GPRS. The hybrid networking model of integration of OPGW, Wi-Fi, and GPRS expands the access range of OPGW access points and greatly enhances the reliability of the network.



RHHN is divided into three layers, and the specific structure is as follows:




	
Access Layer








The access layer of the network is responsible for collecting information about the tower. This layer network is composed of the inspection robot (IR) and its inspection payloads. When the robot patrol along the line, the robot can directly transfer the inspection data to the next layer network, or to CMC via GPRS in emergency situation.



	
Distribution Layer






The distribution layer network is composed of multiple WRNSs, and is responsible for gathering the patrol data sent by the access layer, and then transmitting the patrol data to the core layer in the form of multi-hop. The hop number of data transmission will be determined by wireless link bandwidth and delay tolerance.



	
Core Layer






The core layer of the network is an optical transport layer. It is composed of CMC and WCN. WCN transmits inspection data to CMC through optical fibers (OPGW). CMC processes and analyzes the inspection data and makes control decisions for the robot.




2.2. Related Problem Model


2.2.1. Motion Model of Inspection Robot


For MRCPS and its RHHN, the inspection robot takes the transmission line as its running track, and the simplified motion law of it is shown in Figure 4. IR has the following three typical motion modes:




	
Firstly, line inspection mode: IR moves between towers, that is, it makes a uniform linear motion in each section between towers.



	
Secondly, tower crossing motion mode: the robot needs to cross all kinds of hardware near the tower, and makes a low-speed complex movement when it passes through obstacles near the tower.



	
Thirdly, power tower inspection mode: after the IR passes over the obstacles, it makes a fine inspection of the area near the tower in a static state.








According to the motion law of the IR, a simplified motion model of the inspection robot and its formula method is given in this section. The motion modeling of the inspection robot is as follows: Suppose that the motion area of the robot is A, the path of the robot along the transmission line is P, and the transmission line tower is T. On any path P, the starting point and ending point of the motion are S and E, respectively. In the interval of SE, the robot’s motion speed is vIR ∈ (vmin, vmax). Among them, the starting point or endpoint of each segment is the key inspection area of the transmission line. That is, the robot carries out the inspection work at S (E), and during the inspection operation time, the robot keeps still, so as to complete the inspection movement process of the line. After that, the above-mentioned movement process is repeated, and the ending point Ei of the previous movement is taken as the starting point Si+1 of the next movement to form the whole inspection movement.



The robot inspection movement model and the projection distance calculation between the moving endpoints are shown in Figure 4. Suppose that the robot inspects n towers from Ti to Ti+n, the Euclidean distance from Ti to Ti+n is dSE, and the segmented projection distance is di, di+1, …, di + n−1, (n∈N*). When Rs = 1, the robot is in the motion state, and the movement rate is vIR ∈ (vmin, vmax), the duration of robot movement is t. When Rs = 0, the robot is in the inspection operation state, and the robot remains stationary. Robot inspection mileage S (t) is shown in Equation (1),


  S ( t ) =  {     v  I R   t    r s  = 1 ,  v  I R   ∈ (  v  min   ,  v  max   )     0    r s  = 0      



(1)







As shown in Figure 5, WCN or WRN is taken as the origin, and the line direction is taken as the x-axis coordinate system direction to establish the coordinate system. Then the coordinate of the inspection robot at a certain time is (xIR, yIR), which satisfies Equation (2), where L is the distance between the two towers, and S (t) is the distance between the inspection robot and the previous tower, which is calculated by Equation (1). In practical engineering, due to terrain or terrain factors, the direction of the transmission line will change. At this time, the transmission tower at the corner must bear the tension of the transmission line and overhead ground wire. This kind of transmission tower is called an angle-type transmission tower [32]. In Equation (2),  θ  represents the corner of each tower.


   {     x  I R   =  L i  +   ∑  ς = i + 1   i + n − 2     L ς  cos (   ∑  κ = i + 1  ς    θ κ    ) + s ( t ) cos (   ∑  ς = i + 1   i + n − 2     θ ς  +    θ  i + n − 1   )        y  I R   =   ∑  ς = i + 1   i + n − 2     L ς  sin (   ∑  κ = i + 1  ς    θ κ    ) + s ( t ) sin (   ∑  ς = i + 1   i + n − 2     θ ς  +    θ  i + n − 1   )        



(2)








2.2.2. Energy Consumption of Data Transmission


According to Heinzelman [33], a simplified energy consumption model of data transmission is used for RHHN. The energy consumption of l bit data received or transmitted by the node is shown in Equations (3)–(4). Among them, Eelec is the energy consumption coefficient, d is the distance between neighboring nodes. The variable     d 0    =        ε  f s     /    ε  m p        is the threshold value, the radio free space, and the multi-path loss coefficient are εfs and εmp, respectively.


   E  R x   =  E  e l e c   × l  



(3)






   E  T x   ( l , d ) =  {    l  E  e l e c   + l  ε  f s    d 2  , d ≤  d 0      l  E  e l e c   + l  ε  m p    d 4  , d >  d 0       



(4)







Equation (4) shows that the farther the neighbor nodes are, the greater the energy consumption in data transmission. Due to the high mobility of the robot, the data transmission energy consumption of RHHN presents dynamic characteristics.




2.2.3. Data Transmission Delay


The communication link delay D (i, j) is a measure of the delay experienced by data from node i to node j. According to the definition of [10], link delay D (i, j) is shown in Equation (5), including channel access delay dca, transmission delay dt and propagation delay dp. Where    d t     =   l  / λ  ,    d p     =     d  i j   / Ψ  . And l (unit: Byte) is the size of the data packet, λ (unit: bps) is the link bandwidth, dij (unit: m) is the Euclidean distance between node i and node j,    Ψ     (unit: m/s) is the propagation speed of the wireless signal in the media, and the average channel access delay dca = tca.


  D ( i , j ) =  d  c a   +  d t  +  d p   



(5)







The end-to-end delay Dete (IR, CMC) of patrol data transmission indicates the time required for data to leave the robot and arrive at CMC. In the process of inspection, the distance between the robot and WRN/WCN changes, so the hop number and delay of data transmission also change. Dete (IR, CMC) is a dynamic value, which satisfies Equation (6),


     D  e t e   ( I R , C M C )   =   ∑  i , j ∈ { I R , C M C , W , R }    D ( i , j )        =   ∑  i , j ∈ { I R , C M C , W , R }    (  t  c a   +  l λ  +    d  i j    ψ  )      



(6)









2.3. Deployment Model


To ensure the economic layout and real-time communication, network nodes should be deployed reasonably to optimize the cost and network performance of RHHN. Therefore, we introduce the graph theory to describe RHHN. Furthermore, a node deployment model with path connectivity, robot endurance, and bandwidth constraints is proposed.



2.3.1. RHHN Network Model


As shown in Figure 6, the RHHN network model can be represented by a directed graph G = (V, E) [34]. In graph G, the element V represents the vertex set and the corresponding node in RHHN. In actual scenarios, the location of WCN and WRN distribution is unknown, so we need to find a suitable method to solve the deployment strategy of WCN and WRN.



Set   V = { I R } ∪ { C M C } ∪ W ∪ R  , where W is the set of WCN; R is the set of WRN; and the number of elements in V is N + n, where the number of WCN/WRN is N, and the number of IR/CMC is n. The element E represents the edge set and represents the physical link between nodes in RHHN. It includes the wired link lWk, CMC = (Wk, CMC) between CMC and WCN; the wireless link lIR, Ri = (IR, Ri) between robot and WRN; the wireless link lIR, Wk = (IR, Wk) between robot and WCN; and the wireless link lRi, Rj = (Ri, Rj) between WRN, where Wk, Ri and Rj represent WCN and WRN, respectively, Wk, Ri, Rj ∈ N. In the process of robot inspection, the inspection data need to be transmitted to CMC from the robot. These data have common destination and constraints, and each data transmission can be expressed as Equation (7),


  F = ( S o u r c e , D e s t i n a t i o n , e , b , D )  



(7)




where Source is the source node of the data, that is, IR, and Destination is the target node of the data, namely CMC. The variable e is the energy consumption of robot the forwarding data, b is the bandwidth requirement of data transmission, and D is the end-to-end delay of data transmission.




2.3.2. RHHN Deployment Mode


The RHHN deployment problem is described as follows: under certain constraints, the deployment location of WCN and WRN is determined to balance the network economy and performance.



	
Deployment cost target






The deployment cost of the whole communication network is mainly the network deployment cost of N devices such as WRN and WCN. This is the cost of deploying communication devices on selected transmission line towers. The deployment cost target fc is shown in Equation (8),


   f c  =   ∑  i = 1    N T      C W   x i  +     ∑  j = 1    N T      C R     y j   



(8)




where NT is the number of transmission towers in a transmission line, and CW and CR are the deployment costs of WCN and WRN, respectively. The variables xi and yj are deployment coefficients of WCN and WRN, respectively. If power tower Ti deploys WCN, xi = 1, otherwise xi = 0. If power tower Tj deploys WRN, then yj = 1, otherwise yj = 0.



	
Transmission energy consumption target






In the process of data transmission, the path selection follows the principle of minimizing energy consumption and delay. In the network model graph G = (V, E), the transmission path pIR, CMC between the robot and CMC can be described by Equation (9),


   p  I R , C M C   = {  l  I R , i   ,  l  i , u   , … ,  l  w , C M C   } ⊆ E  



(9)







The energy consumption of robot inspection data forwarding fe is shown in Equation (10), where neighbor nodes i∈ {W, R}, ERx and ETx (l, dIR, i) are the energy consumed by the robot to receive and send information respectively, which are given by Equations (3) and (4). Parameter l is the size of the data packet, and parameter dIR, i is the distance from the robot to the next-hop node. With the movement of the robot, the network changes dynamically, so the energy consumption target of network transmission is changed at different times.


   f e  =  E  R x   +  E  T x   ( l ,  d  I R , i   ) i ∈  { W , R }   



(10)







	
Transmission delay target






Due to the autonomous mobility of the inspection robot, the whole network has local connectivity at different times. Therefore, the network node adjusts the transmission path according to the connectivity characteristics to optimize the real-time performance. Different transmission paths pIR, CMC lead to the change in hop number (h (pIR, CMC) = |pIR, CMC| can be used to represent the hop number of data link) and distance dIR, CMC of patrol data transmission. The maximum end-to-end delay of data transmission in RHHN can be obtained by combining Equations (6) and (9). The transmission delay target is shown in Equation (11), where dIR, i is the distance from the robot to the next-hop node.


   f d  = [ max ( h (  p  I R , C M C   ) ) + 1 ] (  t  c a   +  l λ  ) +  l λ  +    d  I R , i    ψ  i ∈  { W , R }   



(11)







	
Multi-objective function






Considering the multi-objective matching and optimization problem of RHHN deployment cost, network transmission energy consumption, and network real-time performance, the RHHN multi-objective function is shown in Equation (12),


  min F = [  f c  ,  f e  ,  f d  ]  



(12)







In the communication network deployment for MRCPS, the objective function fc is discontinuous and fe and fd are nonlinear functions. Therefore, the problem of RHHN deployment can be defined as a discontinuous, nonlinear, multi-variable, and multi-objective optimization problem.



	
Constraint condition






The system data are transmitted to WCN in the form of multi-hop through RHHN and then uploaded to CMC from WCN through optical fibers (OPGW). As the data are transmitted in the network, whether the data of node i pass through a certain link can be described by the variable Xi, j, k, where i and j in the variable denote the start and end nodes of the link, respectively. If the patrol data use the link, the value of Xi, j, k = 1, otherwise it is 0. In order to ensure the connectivity of data transmission path, according to the geometric relationship in graph G = (V, E), the constraint conditions are established as follows,


    ∑  k = 1   N + 1      ∑  i = 1  W    X  i , C M C , k   = N     + 1  



(13)






   X  i , C M C , k   = 1 ∀ i ∈ W , k ∈ N + 1  



(14)






   X  i , j , k   ≤  X  j , C M C , k   ∀ i ∈ R ∪ I R , j ∈ W , k ∈ [ 1 , N + 1 ]  



(15)






   X  i , C M C , k   −  x i  ≤ 0 ∀ i ∈ W , k ∈ [ 1 , N + 1 ]  



(16)






   x i  ,  y j  ,  X  i , j , k   ∈ { 0 , 1 } ∀ i , j , k  



(17)







Equations (13) and (14) ensure that system data must arrive at CMC through WCN and the destination of the data is CMC, where W is the set of WCN. Then, Equation (15) ensures that the data first reach WCN and then forwards to CMC. Equation (16) ensures that WCN is installed on the required power tower Ti when any data stream uses the link. Finally, Equation (17) ensures that the decision variables are binary variables with values of 0 and 1.



Furthermore, the constraints of network delay, bandwidth, and robot energy consumption should be considered in network planning. Equation (18) ensures that the delay of system data transmission from IR to CMC is less than or equal to the maximum allowable end-to-end delay Dete (IR, CMC). As the robot patrols, the hop number h (pIR, CMC) of data transmission also changes with the change of robot position. When the robot runs to the midpoint of the two WCNs, the hop number h (pIR, CMC) of data transmission is the maximum, and fd is the maximum value. Therefore, the maximum value of the transmission delay target fd can be calculated by calculating the maximum value of h (pIR, CMC). Equation (19) ensures that the total traffic on each link does not exceed the available bandwidth of the link. Where bk is the data generation rate of node k, then Bi, j is the bandwidth constraint of link L (i, j).



Equation (20) is the constraint of robot communication energy consumption. It indicates that at time t, the total energy of the robot is EIR (t), and the energy consumed by the robot to transmit data through the link L (IR, i) is eIR, i (t).


   f d  ≤  D  e t e   ( I R ,   C M C )  



(18)






    ∑  k ∈ N + 1     b k   X  i , j , k   ≤  B  i j     ∀ ( i , j ) ∈ E  



(19)






   ∑   e  I R , i   ( t ) <  E  I R   ( t )   ∀ i ∈ W ∪ R  



(20)







There are many corners in the transmission line. When the corners are too large, the effective coverage area of the linear wireless signal is greatly reduced, as shown in Figure 7. In order to maximize the effective coverage area of linear signals at communication nodes and ensure the effective connection between nodes, the node deployment meets the constraint of Equation (21). Equation (21) indicates that WCN or WRN is deployed at tower i when the line angle at tower i is greater than or equal to α/2. Where NT is the number of transmission line towers, θ is the corners of each tower, and α is the horizontal lobe angle of the antenna.


   {     x i  = 1   ∀ i ∈  N T  ,  θ i  ≥  α / 2       y j  = 1   ∀ j ∈  N T  ,  θ j  ≥  α / 2       



(21)










3. The Deployment Method


In Section 2, we prove that the RHHN deployment problem is a discontinuous, nonlinear, multi-variable, and multi-objective optimization problem. Firstly, we analyze the relationship between network cost, delay, and energy consumption in this Section. Then, the three-objective optimization model is transformed into two simplified two objective optimization models, and the improved PSO is used to solve the deployment scheme. Finally, the MADM of a vague set with preference is used to sort the deployment schemes and determine the optimal deployment scheme to meet the needs of actual scenarios [35].



3.1. Transformation Model


In RHHN, the inspection data are first forwarded to the communication node by the mobile robot nearby. After receiving the inspection data, the node forwards the data to WCN through multi-hop transmission. Finally, WCN transmits the inspection data to CMC through OPGW.



It can be seen that the energy consumption in the process of data forwarding is only related to the distance dIR, i between the robot and the communication node. Moreover, it is independent of the type of node (WCN or WRN). The end-to-end delay Dete (IR, CMC) of data transmission represents the time required for data to be forwarded from the robot to CMC. The value of Dete (IR, CMC) is positively correlated with the number of hops and the distance d between nodes. Then, when the WRN position is known, the value of Dete (IR, CMC) only depends on the number of data forwarding hops h (pIR, CMC). In addition, the value of h (pIR, CMC) depends on the deployment plan of WCN.



Therefore, the three objective optimization problems can be transformed into two double objective optimization problems. In other words, the deployment planning of WRN is solved by Equation (21). After obtaining the deployment scheme of WRN, the WCN deployment plan is solved by Equation (22).


   {     f   c R    =   ∑  i = 1    N T      C R   y i         f e  =  E  R x   +  E  T x   ( l ,  d  I R , i   )      



(22)






   {     f   c W    =   ∑  i = 1    N T      C W   x i         f d  =   ∑  i , j ∈ { I R , C M C , W , R }    (  t  c a   +  l λ  +    d  i j    ψ  )        



(23)







In the multi-objective optimization problem, optimizing one of the objectives must sacrifice the other as the cost, so there is no single optimal solution for the overall goal. However, in practice, there are multiple optimal compromise solutions, which are called Pareto optimal solutions [36]. Usually, the multi-objective optimization problem can be transformed into a single objective optimization problem by weighting the objective, and then solved by mathematical programming method. However, this weighted serialization method can only obtain one optimal solution at a time. At present, the method to solve multi-objective optimization problem is the multi-objective evolutionary algorithm [37]. In the multi-objective evolutionary algorithm, the PSO algorithm has the characteristics of fast convergence speed and simple operation. In this paper, an improved PSO algorithm is used to solve the Pareto optimal solution set of objective function. In addition, a vague set multi-attribute decision-making method with a preference for alternatives is proposed to rank the optimal solution set. This method determines the optimal solution according to the actual scene, which makes up for the blindness of linear weighting.




3.2. Improved PSO for RHHN Deployment


Particle swarm optimization [38] was proposed by Kennedy and Eberhart in 1995. After that, Shi [39] introduced the inertia weight factor on this basis, which is called the basic particle swarm optimization algorithm. The update equation of inertia weight w and particle velocity is as follows:


   {    w =  w  max   − (  w  max   −  w  min   ) / ( M a x I t − 1 ) ⋅ i t e r           v  i j   ( t + 1 ) = w  v  i j   ( t ) +  c 1   r 1  ( t ) (  p  i j   ( t ) −  x  i j   ( t ) ) +  c 2   r 2  ( t ) (  p  g j   ( t ) −  x  i j   ( t ) )      



(24)




where wmax and wmin are the maximum and minimum values of inertia weight, respectively. The variables MaxIt and iter are the maximum number of iterations and the current number of iterations, respectively. Parameters c1 and c2 are learning factors. Parameters r1 and r2 are random numbers with uniform distribution on [0, 1].



However, the linear inertia weight of PSO has no emphasis on global search and local search. In addition, the PSO algorithm needs to conduct a wide range of global search in the initial stage. In the later stage, it needs strong local searchability, and at the same time, it needs to speed up the convergence speed of the algorithm. In this paper, a nonlinear sine function curve is introduced to adjust the inertia weight w of PSO. The slope of the sine function curve increases first and then decreases, which makes particles focus on global search first and then local search. At the same time, adjusting the update mode of learning factors c1 and c2 is helpful for particle swarm optimization to quickly search the global optimum. The specific improvement of the improved PSO (SinPSO) algorithm is shown in Equation (25):


   {    w =    w  max   −  w  min    2  cos   i t e r ⋅ π   M a x I t   +    w  max   +  w  min    2            c 1  =  c  1 max   −   (  c  1 max   −  c  1 min   ) ⋅ i t e r   M a x I t             c 2  =  c  2 min   +   (  c  2 max   −  c  2 min   ) ⋅ i t e r   M a x I t             v  i j   ( t + 1 ) = w  v  i j   ( t ) +  c 1   r 1  ( t ) (  p  i j   ( t ) −  x  i j   ( t ) ) +  c 2   r 2  ( t ) (  p  g j   ( t ) −  x  i j   ( t ) )      



(25)







In the deployment of RHHN, it is necessary to optimize the specific installation location and deployment number of WRNs and WCNs. Therefore, the particle is a coding sequence formed by xi, which represents the installation position of WRNs and WCNs. The encoding form is shown in Equation (26). Different particles constitute a heterogeneous deployment scheme. If it is WCN or WRN, the corresponding element in the coding sequence is 1, otherwise it is 0.


  X = [  x 1  ,  x 2  , … ,  x N  ]  



(26)







The pseudo-code of SinPSO is shown in Algorithm 1 as follows.



	Algorithm 1: SinPSO



	1: for each particle i



	2:   Initialize velocity vi and position Xi for particle i



	3:   Evaluate particle i and set pBesti = Xi



	4: end for



	5: gBest = min{pBesti}



	6: for i = 1 to MaxIt



	7:   Evaluate particle i



	8:   if fit (Xi) < fit(pBesti)



	9:   pBesti = Xi;



	10:  end if



	11:  if fit(pBesti) < fit(gBest)



	12:    gBest = pBesti;



	13:  end if



	14:  for each particle i, update vi and position Xi according to Equation (25)



	15: end for



	16: print gBest









3.3. Multi-Attribute Decision Making


After the Pareto optimal solution set is obtained by SinPSO, the optimal solution set is sorted by the multi-attribute decision-making method (MADM) of a vague set with a preference on alternatives. The optimal solution set is sorted by MADM of a vague set with a preference on alternatives, and its specific steps are as follows:




	
Step 1: Calculate the vague value.








Using Equation (27), each attribute index is standardized. Then, according to the size of variable rij, the corresponding Vague value aij = [gij, 1 − mij] of scheme  A i under the j-th evaluation index is obtained. Where  g ij is the true membership of vague sets,  m ij is the false membership of vague sets, and gij, mij ∈ [0, 1]. The decision maker’s preference for scheme Ai is expressed by vague as ai* = [gi*, 1 − mi*]. The corresponding relationship between the size of variable rij and vague value is shown in Table 1.


   r  i j   =    x  j min      x  i j     ,  x  j min   =   min  i   x  i j    



(27)







	
Step 2: Calculate weight.






The weight xj of each attribute is calculated according to Equation (28), where  ξ  and  ς  represent the number of programs and evaluation indicators, respectively.


   χ j  =     ∑  i = 1  ξ   ( |  g  i j   −  g i    *  | + |  m  i j   −  m i    *  | )       ∑  j = 1  ζ     ∑  i = 1  ξ   ( |  g  i j   −  g i    *  | + |  m  i j   −  m i    *  | )        



(28)







	
Step 3: Calculation of the comprehensive attribute value.






The comprehensive value Zi = [gi’, 1 − mi’] of each scheme attribute is calculated according to Equation (29), where gi’ and mi’ are the comprehensive values of true membership and false membership of scheme Ai, respectively.


   Z i  =   ∑  j = 1  ζ    a  i j    χ j     



(29)







	
Step 4: Calculation of the possibility matrix.






According to Equation (30), the possibility degree of comparison among the comprehensive values of the attributes of each scheme is calculated, and the possibility matrix P is obtained.


  P (  Z i  >  Z j  ) =   max [ 0 , ( 1 −  m i    ′  + 1 −  m j    ′  −  g i    ′  −  g j    ′  ) − max ( 0 , 1 −  m j    ′  −  g i    ′  ) ]   1 −  m i    ′  + 1 −  m j    ′  −  g i    ′  −  g j    ′     



(30)







	
Step 5: Comprehensive ranking calculation of schemes.






The ranking vector v of possibility degree is calculated from the possibility degree matrix P, and the comprehensive ranking of alternatives is obtained. Mostly, v [i] is compared, and the largest one is the selection scheme. If v [i] is the same, the scheme with a larger gi’ value is selected.



In the actual scenario, the number of transmission lines is not an integral multiple of WRN or WCN. In general, a balanced deployment of WRN and WCN can achieve optimal network performance. Therefore, when the cost-robot energy consumption or cost-delay are consistent, the deployment scheme with the minimum variance should be selected. The variance is calculated as Equation (31), where di is the distance between two communication nodes, n is the number of communication nodes, and S is the length of the transmission line.


   σ 2  =  1 n    ∑  i = 1  n     (  d i  −  S n  )  2     



(31)









4. Results and Discussion


In the multi-objective optimization problem, the higher the objective dimension, the more serious the pressure attenuation of the excellent solution selection. In addition, it is difficult to maintain the convergence and diversity of the objective solution set at the same time [40]. Generally, dimensionality reduction is an effective method to improve the diversity and convergence of solutions. Meanwhile, this method can reduce the complexity of the algorithm and improve computational efficiency. Therefore, in Section 4, we analyze the relationship between network cost, robot energy consumption, and data transmission delay. Then, the three-objective optimization problem is transformed into two double objective optimization problems.



In this section, we try to use the two-dimensional objective optimization method to implement the actual deployment of RHHN. Furthermore, SinPSO is compared with several deployment algorithms to evaluate its efficiency. The energy consumption in the process of data forwarding is only related to the distance between the robot and the communication node. It has nothing to do with the type of node (WCN or WRN), while the network delay Dete (IR, CMC) is positively correlated with the number of relay hops h (pIR, CMC) and the distance d between nodes. When the deployment scheme of WRN is not determined, the value of h (pIR, CMC) cannot be determined. Therefore, it is very important to obtain the deployment scheme of WRN by solving the two-dimensional optimization problem of deployment cost and robot energy consumption. To sum up, the deployment of RHHN communication node is divided into the following steps:




	
Step 1: The optimal objective function of WRN deployment cost and the robot energy consumption is solved to obtain the deployment scheme of WRN.



	
Step 2: According to the relationship between the maximum end-to-end delay of data transmission and the deployment cost of WCN, the deployment scheme of WCN is solved.








Thus, combined with the WRN deployment scheme and the WCN deployment scheme, the final deployment strategy is obtained.



4.1. Deployment of WRNs


In order to verify the effectiveness of the proposed RHHN deployment model and algorithm, SinPSO is used to solve the deployment problem. In the scenario of different numbers and scales of towers, the solution set of SinPSO algorithm is compared with that of the non-dominated sorting genetic algorithm-II (NSGA-II) [41] and standard PSO [39]. The reason why the NSGA-II algorithm is selected for comparison is that the NSGA-II algorithm is widely recognized as a classic algorithm for multi-objective optimization. The comparison with PSO algorithm is to reflect the advantages of SinPSO algorithm.



For simulation scenarios, the size of data package received by the robot is 30 bit and the size of data package sent is 1200 Kb during each data transmission process. All nodes have wireless communication capabilities similar to IEEE 802.11n, and the transmission rate is 10 Mbps. The default network transmission range of WCNs, WRNs and robot is 8 km. The horizontal lobe angle of directional antenna is 60°. Considering installation, equipment procurement and other factors, the deployment costs of WCN and WRN are 7000 (USD) and 3500 (USD), respectively. The distance between towers is 100 m to 1000 m, but it is a definite number. SinPSO, NSGA-II and PSO were used to solve the deployment of experimental scenarios with the number of towers of 50, 100, 200, 300 and 500, respectively, and 100 simulations were carried out for each scenario. The default simulation parameters are shown in Table 2. The basic parameters and parameter values of each algorithm are shown in Table 3 and Table 4. The learning factor of the basic PSO algorithm is not updated during the iteration process and is set to a fixed value c1 = c2 = 0.55.



For the RHHN deployment model, the Pareto frontier of the optimization objective function of WRN installation cost and the robot energy consumption is shown in Figure 8 and Figure 9. Figure 7 shows the Pareto front comparison of NSGA-II and SinPSO with tower numbers of 50, 100, 200, 300 and 500, respectively. Besides, Figure 8 shows the Pareto front comparison between SinPSO and standard PSO.



Analyzing the Pareto frontier contrast diagrams of Figure 8 and Figure 9 shows that with the increase in deployment cost, the number of nodes in the network gradually increases. With the increase in the number of nodes, the distance between nodes decreases, and the energy consumption in the process of data forwarding is less. By increasing the deployment cost, the energy consumption in the process of data transmission can be effectively reduced. Besides, the Pareto solution obtained by SinPSO is better than NSGA-II when the number of transmission lines is 50, 100, 200, 300 and 500. With the same deployment cost, the energy consumption of the robot is smaller. Under the same robot energy consumption, the node deployment cost is lower. Similarly, it can be seen from Figure 9 that the PSO algorithm is much better than NSGA-II. However, the solution set of SinPSO with nonlinear inertia weight is better than that of basic PSO. Analyzing the experimental data of Figure 8 and Figure 9, we can see that SinPSO has obvious advantages over NSGA-II and PSO when the deployment rate of communication node  Γ  (   Γ   =       n t     N T     ,    n t    is the number of communication nodes, and    N T    is the number of towers) is less than 0.3. With the increase in  Γ , the advantage of SinPSO decreases. This is because the number of deployed communication nodes increases with the increase in  Γ , and the distribution of communication nodes is more uniform. In the experiments with 50, 100, 200, 300, and 500 transmission line towers, compared with the deployment scheme solved by NSGA-II, the robot energy consumption in the deployment scheme solved by SinPSO was reduced by 76.1%, 78.5%, 66.3%, 74.3% and 77.8%, respectively, at the same deployment cost. Similarly, compared with the deployment scheme solved by PSO, under the same deployment cost, the robot energy consumption in the deployment scheme solved by SinPSO was reduced by 30.2%, 50.0%, 42.8%, 33.0% and 41.2%, respectively.



It is found that when the number of towers increases from 300 to 500, the number of solution sets of SinPSO algorithm increases significantly. Therefore, the simulation experiment of 400, 600, 700, and 800 is added. As shown in Figure 10, the diversity of SinPSO solutions is better than that of PSO and NSGA-II under the same sample size, which provides more options for decision makers. When the sample size is more than 500, the diversity of solution sets of the three algorithms tends to be stable. Thus, the solution set obtained by SinPSO has better convergence and diversity.



To measure the computational complexity, the running time of each algorithm is compared and analyzed. The average time of the WRN optimization function running for 100 times under different number of power towers is counted, as shown in Table 5.



On the whole, the running time of NSGA-II is significantly longer than that of SinPSO and PSO. With the increase in the number of towers, the running time of the three algorithms is increasing. In the process of optimization, SinPSO first focuses on global search, then focuses on local search, which is conducive to particle swarm optimization to quickly search the global optimal. Therefore, the running times of SinPSO and PSO are basically the same, and SinPSO is slightly better than PSO. To sum up, SinPSO has lower algorithm complexity than PSO and NSGA-II.



After the objective function of WRN deployment is obtained, the comprehensive score of each scheme is calculated by the multi-attribute decision-making method in Section 3.3. Taking the scenario with 300 towers as an example, the Pareto front of Equation (22) is obtained by SinPSO, as shown in Figure 11.



Among the 59 schemes in Figure 11, the score chart of each scheme is shown in Figure 12, and the scheme with the highest score is Scheme 1. For Scheme 1, the deployment cost of WRN is USD 45,500, and the energy consumption of the robot is 4,881,927.16041553 J. According to Equation (30), the uniform layout scheme is selected. The specific deployment of WRNs and its related parameters are shown in Table 6.




4.2. Deployment of WCNs


Taking 300 towers as an example, the optimal solution set of objective function is obtained twice, and the MADM of vague set with preference for alternatives is used to make decision. After obtaining the layout scheme of Equation (22), the optimal solution set of Equation (23) is obtained by using SinPSO, NSGA-II and PSO. As shown in Figure 10, the maximum end-to-end delay is compared with the deployment cost planning scheme. The input parameters are as follows: wireless signal propagation speed: 3.0 × 108 m·s−1; average channel access delay: tca = 41 ms; WCN cost: Cw = USD 7000; link bandwidth limit: Bij = 10 Mbps.



Analysis of Figure 13 shows that the higher the deployment cost, the more available WCNs, which reduces the number of hops h (pIR, CMC) during patrol data transmission and thus significantly reduces the end-to-end delay. By increasing deployment costs, network delays can be effectively reduced. When solving the layout scheme of Equation (23), due to the small number of data points, SinPSO and PSO obtain the same scheme, and NSGA-II only obtains one deployment scheme.



When solving the planning scheme of maximum end-to-end delay and deployment cost, the three algorithms are run 100 times. The average time consumed by all algorithms is counted, as shown in Table 7. On the whole, the running time of NSGA-II is significantly longer than that of SinPSO and PSO, and the average running time of SinPSO and PSO is similar. The optimal solution set of Equation (23) Pareto is obtained by SinPSO. The Pareto frontier of the maximum end-to-end delay and deployment cost planning scheme, as shown in Figure 14a, is obtained. Compared with NSGA-II, the maximum end-to-end delay of data transmission between SinPSO and PSO is smaller when the deployment cost is the same, and both SinPSO and PSO are better than NSGA-II in diversity of solution sets.



Among the 4 schemes, the maximum delay is 1247.2 ms, especially when WCNs are densely distributed, and the end-to-end delay of patrol data transmission is 442.0 ms. According to Equation (31), the layout of each scheme is uniform. Using the attribute decision method in Section 3.3, the comprehensive score of each scheme is calculated. As shown in Figure 14b, Scheme 4 has the highest comprehensive attribute score among the four schemes. In Scheme 4, the deployment cost of WCN is USD 35,000, and the maximum end-to-end delay is 442.0 ms.



The final deployment scenario is shown in Table 8. The tower numbers of WRN deployment location in the final plan are 13th, 53rd, 74th, 118th, 175th, 215th, 238th and 283rd. WCNs deployment locations are 34th, 97th, 149th, 197th and 261st. Thus, the total deployment cost of RHHN is USD 6.3 × 104, the maximum energy consumption of robot is 4.88 × 106 J, and the maximum end-to-end delay is 442.0 ms. From the final deployment result, the deployment locations of communication nodes are evenly distributed, which realizes the real-time hybrid hierarchical network deployment under multiple constraints.




4.3. Analysis of Simulation Results


For RHHN, increasing deployment costs can change energy consumption and end-to-end delays in the data transfer process of the robot. In sensor network applications with different message delivery time requirements, network economy and data timeliness have different requirements. As shown in Figure 8, Figure 9 and Figure 13, the energy consumption of data transmission decreases significantly, and the timeliness of the network increases significantly as the network economy decreases. At the same time, the method can adapt to all kinds of networks with different node energy consumption requirements and data transmission time requirements. It also can improve the controllability of network delay and node energy consumption, and balance the relationship between network economy, efficiency and energy consumption. In view of the application of the robot dynamic monitoring network for the smart gird in this paper, low data transmission delay and a delay controllable network are conducive to improving the level of power grid monitoring. In practical application, a preference matrix can be set reasonably according to actual needs. A network deployment scheme meeting actual needs can be selected to balance economic, real-time and energy consumption of nodes.





5. Conclusions


This paper presents a robot hybrid hierarchical network (RHHN) and its optimal deployment method for remote real-time monitoring of transmission lines. Compared with the delay tolerant network proposed in the previous research, the real-time characteristics of RHHN enhance the practicability of the network and improve the monitoring efficiency of the smart grid. The main conclusions are summarized as follows:




	(1)

	
According to the characteristics of transmission lines, a hybrid hierarchical network model and architecture for a multi-robot sensing system of smart girds are proposed. The movement law of robot inspection is analyzed, and the calculation method of energy consumption and delay in the process of network data forwarding are given. Then, considering cost, energy consumption, and delay as optimization objectives, a theoretical deployment model of communication nodes is established under multiple constraints.




	(2)

	
The relationship between multiple optimization objectives is analyzed, and the multi-objective transformation model is established. The improved PSO is used to solve the deployment scheme. The deployment schemes are sorted by MADM of a vague set with a preference for alternatives, and the optimal deployment scheme is determined according to the actual needs.




	(3)

	
In the simulation experiment, the comparison results of several algorithms in a multi-scenario are given. The experimental results show that the energy consumption and delay of the deployment scheme solved by SinPSO are lower under the same deployment cost. At the same time, the diversity of the SinPSO solution set is better, and the time complexity of the algorithm is lower. Taking the scenario with 300 towers as an example, a series of specific RHHN deployment schemes are given by combining the SinPSO algorithm with the MADM.









In this paper, the impact of network node failure on the overall network performance is not considered. As part of future work, we plan to study a cost-efficient fault-tolerant network design.







Author Contributions


J.L. and F.F. proposed and developed the research design, designed the simulation experiment, collected the experimental data, performed the data analysis, interpretated the results and wrote the manuscript. G.W. assisted with developing the research design and interpretation of the results. Y.L. assisted with refining the manuscript writing and coordinating the revision activities. All authors have read and agreed to the published version of the manuscript.




Funding


This research was supported by a Hubei Provincial Department of Education Science and Technology Research Project (Q20201708), a Guangdong Robot Special Project (2015B090922007), a Foshan Technical Innovation Team Project (2015IT100143), and State Grid Jilin Electric Power Co., Ltd. Project, China (JDK2015-21).




Acknowledgments


The authors wish to thank anonymous reviewers, each of whom provided comments that directed important improvements to the manuscript.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Fan, F.; Wu, G.; Wang, M.; Cao, Q.; Yang, S. Robot delay-tolerant sensor network for overhead transmission line monitoring. Appl. Sci. 2018, 8, 847. [Google Scholar] [CrossRef]

	



Fan, F.; Ji, Q.; Wu, G.; Wang, M.; Ye, X.; Mei, Q. Dynamic barrier coverage in a wireless sensor network for smart grids. Sensors 2019, 19, 41. [Google Scholar] [CrossRef]

	



Fan, F.; Wu, G.; Wang, M.; Cao, Q.; Yang, S. Multi-robot cyber physical system for sensing environmental variables of transmission line. Sensors 2018, 18, 3146. [Google Scholar] [CrossRef]

	



Qin, X.; Wu, G.; Lei, J.; Fan, F.; Ye, X.; Mei, Q. A Novel Method of Autonomous Inspection for Transmission Line based on Cable Inspection Robot LiDAR Data. Sensors 2018, 18, 596. [Google Scholar] [CrossRef]

	



Akerele, M.; Al-Anbagi, I.; Erol-Kantarci, M. A fiber-wireless sensor networks QoS mechanism for smart grid applications. IEEE Access 2019, 7, 37601–37610. [Google Scholar] [CrossRef]

	



Disyadej, T.; Promjan, J.; Poochinapan, K.; Mouktonglang, T.; Grzybowski, S.; Muneesawang, P. High Voltage Power Line Maintenance & Inspection by Using Smart Robotics. In Proceedings of the IEEE Power & Energy Society Innovative Smart Grid Technologies Conference (ISGT), Washington, DC, USA, 18–21 February 2019; pp. 1–4. [Google Scholar]

	



Disyadej, T.; Promjan, J.; Muneesawang, P.; Poochinapan, K.; Grzybowski, S. Application in O&M Practices of Overhead Power Line Robotics. In Proceedings of the IEEE PES GTD Grand International Conference and Exposition Asia (GTD Asia), Bangkok, Thailand, 19–23 March 2019; pp. 347–351. [Google Scholar]

	



Chen, X.; Du, Z.; Yin, X.G.; Pan, W.; Xu, L.Q. A Design of WSN and EPON applied in online monitoring for transmission line. Adv. Mater. Res. 2014, 950, 125–132. [Google Scholar] [CrossRef]

	



Lazaropoulos, A.G. Wireless Sensor Network Design for Transmission Line Monitoring, Metering, and Controlling: Introducing Broadband over power lines-enhanced network model (BPLeNM). ISRN Power Eng. 2014, 2014. [Google Scholar] [CrossRef]

	



Gungor, V.C.; Lu, B.; Hancke, G.P. Opportunities and challenges of wireless sensor networks in smart grid. IEEE Trans. Ind. Electron. 2010, 57, 3557–3564. [Google Scholar] [CrossRef]

	



Ou, Q.; Zhen, Y.; Li, X.; Zhang, Y.; Zeng, L. Application of internet of things in smart grid power transmission. In Proceedings of the Third FTRA International Conference on Mobile, Ubiquitous, and Intelligent Computing, Vancouver, BC, Canada, 26–28 June 2012; pp. 96–100. [Google Scholar]

	



Len, R.A.; Vittal, V.; Manimaran, G. Application of sensor network for secure electric energy infrastructure. IEEE Trans. Power Deliv. 2007, 22, 1021–1028. [Google Scholar]

	



Chen, J.; Kher, S.; Somani, A.K. Energy efficient model for data gathering in structured multiclustered wireless sensor network. In Proceedings of the IEEE International Performance Computing and Communications Conference, Phoenix, AZ, USA, 10–12 April 2006; p. 388. [Google Scholar]

	



Suresh, S.; Nagarajan, R.; Sakthivel, L.; Logesh, V.; Mohandass, C.; Tamilselvan, G. Transmission line fault monitoring and identification system by using Internet of Things. Int. J. Adv. Eng. Res. Sci. 2017, 4, 237112. [Google Scholar] [CrossRef]

	



Olsen, R.G.; Edwards, K.S. A new method for real-time monitoring of high-voltage transmission-line conductor sag. IEEE Trans. Power Deliv. 2002, 17, 1142–1152. [Google Scholar] [CrossRef]

	



Judge, M.A.; Manzoor, A.; Ahmed, F.; Kazmi, S.; Khan, Z.A.; Qasim, U.; Javaid, N. Monitoring of Power Transmission Lines Through Wireless Sensor Networks in Smart Grid. In Proceedings of the International Conference on Innovative Mobile and Internet Services in Ubiquitous Computing, Cham, Switzerland, 5 July 2017; pp. 162–170. [Google Scholar]

	



Buratti, C.; Verdone, R. A Hybrid Hierarchical Architecture: From a wireless sensor network to the fixed infrastructure. In Proceedings of the 14th European Wireless Conference, Prague, Czech Republic, 22–25 June 2008; pp. 1–7. [Google Scholar]

	



Hung, K.S.; Lee, W.K.; Li, V.O.K.; Lui, K.S.; Pong, P.W.T.; Wong, K.K.Y.; Zhong, J. On wireless sensors communication for overhead transmission line monitoring in power delivery systems. In Proceedings of the 2010 First IEEE International Conference on Smart Grid Communications, Gaithersburg, MD, USA, 4–6 October 2010; pp. 309–314. [Google Scholar]

	



Guo, Z.; Ye, F.; Guo, J.; Liang, Y.; Xu, G.; Zhang, X.; Qian, Y. A wireless sensor network for monitoring smart grid transmission lines. In Proceedings of the 23rd International Conference on Computer Communication and Networks (ICCCN), Shanghai, China, 4–7 August 2014; pp. 1–6. [Google Scholar]

	



Huynh, T.T.; Dinh-Duc, A.V.; Tran, C.H. Delay-constrained energy-efficient cluster-based multi-hop routing in wireless sensor networks. J. Commun. Netw. 2016, 18, 580–588. [Google Scholar]

	



Hammoudeh, M.; Al-Fayez, F.; Lloyd, H.; Newman, R.; Adebisi, B.; Bounceur, A.; Abuarqoub, A. A Wireless Sensor Network Border Monitoring System: Deployment Issues and Routing Protocols. IEEE Sens. J. 2017, 17, 2572–2582. [Google Scholar] [CrossRef]

	



Kong, P.Y.; Liu, C.W.; Jiang, J.A. Cost-Efficient Placement of Communication Connections for Transmission Line Monitoring. IEEE Trans. Ind. Electron. 2017, 64, 4058–4067. [Google Scholar] [CrossRef]

	



Fateh, B.; Govindarasu, M.; Ajjarapu, V. Wireless Network Design for Transmission Line Monitoring in Smart Grid. IEEE Trans. Smart Grid. 2013, 4, 1076–1086. [Google Scholar] [CrossRef]

	



Jeyanthi, C.; Sait, H.H.; Chandrasekaran, K.; Columbus, C.C. Optimal placement of cellular transceiver for transmission line monitoring using genetic algorithm. Asian J. Res. Soc. Sci. Humanit. 2017, 7, 653–672. [Google Scholar] [CrossRef]

	



Wu, Y.C.; Cheung, L.F.; Lui, K.S.; Pong, P.W. Efficient communication of sensors monitoring overhead transmission linesp. IEEE Trans. Smart Grid. 2012, 3, 1130–1136. [Google Scholar] [CrossRef]

	



Mazur, K.; Wydra, M.; Ksiezopolski, B. Secure and time-aware communication of wireless sensors monitoring overhead transmission lines. Sensors 2017, 17, 1610. [Google Scholar] [CrossRef]

	



Yu, B.; Yin, X.; Chen, X.; Zhang, Z.; Jiang, L. Hybrid Hierarchical Communication Network Optimal Placement for Transmission Line Online Monitoring in Smart Grid. J. Commun. 2016, 11, 798–804. [Google Scholar] [CrossRef]

	



Wang, G.; Zhao, Y.; Ying, Y.; Huang, J.; Winter, R.M. Data aggregation point placement problem in neighborhood area networks of smart grid. Mob. Netw. Appl. 2018, 23, 696–708. [Google Scholar] [CrossRef]

	



Ye, F.; Liang, Y.; Zhang, H.; Zhang, X.; Qian, Y. Design and analysis of a wireless monitoring network for transmission lines in smart grid. Wirel. Commun Mob. Comput. 2016, 16, 1209–1220. [Google Scholar] [CrossRef]

	



Zheng, L.; Chen, S.; Xiang, S.; Hu, Y. Research of architecture and application of Internet of Things for smart grid. In Proceedings of the 2012 International Conference on Computer Science and Service System, IEEE, Nanjing, China, 11–13 August 2012; pp. 938–941. [Google Scholar]

	



Kong, X.; Xu, Y.; Jiao, Z.; Dong, D.; Yuan, X.; Li, S. Fault Location Technology for Power System Based on Information about the Power Internet of Things. IEEE Trans. Ind. Inf. 2019, 16, 6682–6692. [Google Scholar] [CrossRef]

	



Fu, X.; Du, W.L.; Li, H.N.; Li, G.; Dong, Z.Q.; Yang, L.D. Stress state and failure path of a tension tower in a transmission line under multiple loading conditions. Thin-Walled Struct. 2020, 157, 107012. [Google Scholar] [CrossRef]

	



Heinzelman, W.B.; Chandrakasan, A.P.; Balakrishnan, H. An application-specific protocol architecture for wireless microsensor networks. IEEE Trans. Wirel. Commun. 2002, 1, 660–670. [Google Scholar] [CrossRef]

	



Jiang, W.; Cao, Y.; Deng, X. A novel Z-network model based on Bayesian network and Z-number. IEEE Trans. Fuzzy Syst. 2019, 28, 1585–1599. [Google Scholar] [CrossRef]

	



Wang, C.Y.; Chen, S.M. A new multiple attribute decision making method based on linear programming methodology and novel score function and novel accuracy function of interval-valued intuitionistic fuzzy values. Inf. Sci. 2018, 438, 145–155. [Google Scholar] [CrossRef]

	



Zhou, A.; Zhang, Q.; Jin, Y. Approximating the set of pareto-optimal solutions in both the decision and objective spaces by an estimation of distribution algorithm. IEEE Trans. Evol. Comput. 2009, 13, 1167–1189. [Google Scholar] [CrossRef]

	



Coello, C.C. Evolutionary multi-objective optimization: A historical view of the field. IEEE Comput. Intell. Mag. 2006, 1, 28–36. [Google Scholar] [CrossRef]

	



Eberhart, R.; Kennedy, J. A new optimizer using particle swarm theory. In Proceedings of the Sixth International Symposium on Micro Machine and Human Science, Nagoya, Japan, 4–6 October 1995; pp. 39–43. [Google Scholar]

	



Shi, Y.; Eberhart, R. A modified particle swarm optimizer. In Proceedings of the IEEE international conference on evolutionary computation proceedings. IEEE world congress on computational intelligence (Cat. No. 98TH8360), Anchorage, AK, USA, 4–9 May 1998; pp. 69–73. [Google Scholar]

	



Yuan, Y.; Xu, H.; Wang, B.; Zhang, B.; Yao, X. Balancing convergence and diversity in decomposition-based many-objective optimizers. IEEE Trans. Evolut. Comput. 2015, 20, 180–198. [Google Scholar] [CrossRef]

	



Deb, K.; Agrawal, S.; Pratap, A.; Meyarivan, T. A fast elitist non-dominated sorting genetic algorithm for multi-objective optimization: NSGA-II. In Proceedings of the International Conference on Parallel Problem Solving from Nature; Springer: Berlin/Heidelberg, Germany, 2000; pp. 849–858. [Google Scholar]








[image: Sensors 20 05521 g001 550] 





Figure 1. Multi-robot cyber physical system. 
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Figure 2. The hybrid hierarchical network communication architecture of the robot hybrid hierarchical network (RHHN). 
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Figure 3. The communication nodes structure: (a) wireless relay node structure; (b) wireless central node structure. 
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Figure 4. Inspection movement models of robot. 
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Figure 5. Distance calculation based on robot inspection movement models. 
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Figure 6. Robot hybrid hierarchical network (RHHN) model. 
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Figure 7. Effective coverage area of the linear wireless signal. 
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Figure 8. Pareto frontier comparison of deployment cost and optimization objective function of robot energy consumption for WRN by NSGA-II and SinPSO: (a) the number of towers is 50; (b) the number of towers is 100; (c) the number of towers is 200; (d) the number of towers is 300; (e) the number of towers is 500. 
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Figure 9. Pareto frontier comparison of deployment cost and optimization objective function of robot energy consumption for WRN by PSO and SinPSO: (a) the number of towers is 50; (b) the number of towers is 100; (c) the number of towers is 200; (d) the number of towers is 300; (e) the number of towers is 500. 
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Figure 10. The result of algorithm diversity. 






Figure 10. The result of algorithm diversity.



[image: Sensors 20 05521 g010]







[image: Sensors 20 05521 g011 550] 





Figure 11. Pareto front with 300 towers. 
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Figure 12. Comprehensive attribute score of each deployment scheme of WRN. 
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Figure 13. Comparison of deployment schemes based on maximum end-to-end delay and economic optimization. 
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Figure 14. The results of WCN deployment based on SinPSO: (a) the Pareto frontier of optimization objective function of WCN installation cost and end-to-end delay; (b) the comprehensive attribute score of each deployment scheme of WCN. 
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Table 1. The corresponding relationship between parameter rij and the vague value.
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	Interval of Parameter rij (%)
	Vague Value





	[95,100]
	[1,1]



	[85,95)
	[0.9,0.95]



	[75,85)
	[0.8,0.9]



	[65,75)
	[0.7,0.85]



	[55,65)
	[0.6,0.8]



	[45,55)
	[0.5,0.5]



	[35,45)
	[0.4,0.6]



	[25,35)
	[0.3,0.45]



	[15,25)
	[0.2,0.3]



	[0,15)
	[0.1,0.15]
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Table 2. Default parameters for simulations.
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	Parameter
	Default Value





	The size of the message received by the robot (B)
	30



	The size of the message sent by the robot (Kb)
	1200



	Communication radius of robot, WCN and WRN (m)
	8000



	Horizontal lobe angle of antenna (°)
	60



	Eelec (J/bit)
	50.0 × 10−9



	εmp (J/(bit·m4))
	1.3 × 10−15



	εfs (J/(bit·m4))
	1.0 × 10−11



	Ψ (m/s)
	3.0 × 108



	tca (ms)
	41



	Cw (USD)
	7000



	CR (USD)
	3500



	Bij (Mbps)
	10



	Number of power towers
	50/100/200/300/500



	Maximum distance between towers (m)
	1000



	Minimum distance between towers (m)
	100
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Table 3. Parameters of the specific improvement of the improved particle swarm optimization (SinPSO) and PSO algorithm.
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	Parameter
	Value





	Population size, NumEsp
	200



	Max Iterations, MaxIt
	1000



	Initial velocity of particles, v
	0



	Particle length, D
	50/100/200/300/500



	Learning factor, c1max
	1.2



	Learning factor, c1min
	0.5



	Learning factor, c2max
	1.2



	Learning factor, c2min
	0.5



	Maximum inertia weight, Wmax
	0.45



	Minimum inertia weight, Wmin
	0.1










[image: Table] 





Table 4. Parameters of the non-dominated sorting genetic algorithm II (NSGA-II algorithm).
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	Parameter
	Value





	Population size, N
	200



	Length of chromosome, L
	50/100/200/300/500



	Max iterations, MaxIt
	1000



	Recombination probability, Pc
	0.8



	Mutation probability, Pm
	0.6
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Table 5. Algorithm running time.
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	Number of Towers
	SinPSO
	PSO
	NSGA-II





	50
	12.672 s
	12.778 s
	25.374 s



	100
	21.456 s
	21.481 s
	29.705 s



	200
	30.169 s
	31.195 s
	43.048 s



	300
	36.095 s
	36.610 s
	49.092 s



	500
	52.665 s
	55.305 s
	61.465 s
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Table 6. The specific layout of Scheme 1 and the distance between communication nodes.
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	Tower Number of Installation Communication Node
	Distance between Communication Nodes (m)





	13
	8,791.53 (Distance from the first tower)



	34
	12,405.70



	53
	11,027.46



	74
	11,276.60



	97
	12,981.63



	118
	11,033.42



	149
	14,958.80



	175
	12,767.72



	197
	12,136.55



	215
	11,223.56



	238
	10,698.31



	261
	12,538.49



	283
	12,889.18



	
	9,737.39 (Distance from the last tower)
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Table 7. Algorithm running time.
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	SinPSO
	PSO
	NSGA-II





	Average running time
	3.7598 s
	3.8231 s
	17.4820 s
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Table 8. Communication network deployment scheme of the inspection robot.
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	Deployment Plan
	Deployment Costs (USD)
	Robot Energy Consumption (J)
	Maximum End to End Delay (ms)





	13th, 34th *, 53rd, 74th, 97th *, 118th, 149th * 175th, 197th *, 215th, 238th, 261st *, 283rd
	6.3 × 104
	4.88 × 106
	442.0







Note: x* is the installation location of WCN, x is the installation location of WRN, and x stands for tower number.














© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).
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