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Abstract 

Title:  Drone Path Scheduling for Data Gathering in Disaster Effected Environments 

Author: James Bologna 

Advisor: Chul-Ho Lee, Ph.D. 

Creative networks in a disaster effected area have been a concern for a long time. With the 

innovation of flying ad hoc networks the problem can be tackled from a more practical 

standpoint. The use of low altitude drones equipped with wireless transmission and 

receiving capability can be used under the circumstances to enable ad-hoc communication.  

Drone coordination and route planning is a critical consideration when determining how 

to gather data from ground nodes, since the drones are constrained by limited battery 

capacity. In this research, we set out to explore a wide range of policies for determining 

the trajectories of drones to collect data from ground nodes scattered over a post-disaster 

environment. Ultimately, we want to maximize the aggregated throughput over the area of 

interest while ensuring that every ground node is covered.   

To this end, we introduce a notion of 'expected data rate' at each ground node. This is the 

expected amount of data received by a drone over a given time duration if it visits another 

node. This in turn is used to maximize the throughput. The expected data rate is calculated 

based on the distance between the current node and each projected node, the data 

generation rate of the projected node and drone velocity. We propose a set of policies to 

determine which node is to be visited next based on this calculation. 
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Chapter 1 

Introduction 

Background  

The need for backbone network access for disaster effected areas has been an important 

topic of discussion with a much needed solution for general user communication. The 

problem is best described by [1], in which the base stations are no longer available to 

provide network communication access. The situation is illustrated in Figure 1. There are 

different categories of a disaster scenario that needs to be tackled in order to efficiently 

solve the problem [2]. In this case, Erdelj et al. emphasize that the last-hop connectivity to 

users in a disaster response and recovery situation is an open issue. Also, localizing the 

drones in the correct position to gather data is imperative. There is an ever growing market 

for drone involvement in rescue efforts in general. Goldman Sacs, a leading global 

investments management firm, forecasts a market opportunity worth around $100 billion in 

2020. The fastest growth opportunity comes from business and civil governments expected 

to spend $13 billion [3].   

Throughout the course of history there have been many situations in which a drone 

network could be utilized with search and rescue missions to bring connectivity to effected 

device users. Most notably Hurricane Katrina which left 3 million land-line phones 

disconnected and more than 2,000 cell sites out of service. Other situations include the 

2004 tsunami in Indonesia and the 2010 earthquake in Haiti [4]. The way the network issue 

was tackled included deploying WiMax and WiFi access points to provide wireless 

coverage. But, there were many inconsistencies with the approach and the outcome was not 

desirable. Since then, there has been significant effort to architect a solution using drones. 
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With properly deployed drone networks similar to Figure 1, the number of people without 

at least minimal network access can be mitigated, and connections can be made to help 

save lives and alert emergency response personal of locations and situations.  

Currently, there are research efforts focused toward architecting such a network to bring 

device connectivity to disaster effected areas. FirstNet is used to establish connectivity 

using broadband access [4]. The disaster effected area depicted in Figure 1 shows a 

damaged base station that was used for broadband network connection for device users in 

the area. In this situation the drone takes the place of the base station and is equipped with 

some broadband transmission capability. The drone is able to communicate with another 

working base station. The far working base station is a backbone of the communication 

network and allows the user to communicate using that infrastructure. The goal is to find 

the optimal distance to position the drone between a group of users to allow connectivity 

while sharing the channel via time division and frequency division multiplexing [4]. The 

FirstNet architecture is getting a significant amount of attention. AT&T, the world’s largest 

telecommunication company, is hoping to use LTE-connected drones to support FirstNet 

[5].  

Motivation     

The need for a drone network solution for disaster effected areas is evident and is drawing 

significant interest from government and cooperate officials. Although there have been 

much advancement in the architecture and implementation design on the basis of providing 

user connectivity via drone networks, gaps in the design still exist. The WiMAX approach 

may be suitable in some instances, but may not be suitable for others when considering 

channel sharing due to power constraints or topographical limitations. These situations 

may call for a low-power, small range data gathering approach in which the drone must 

travel to different locations to gather device data. This type of situation is similar to the one 

described by Bupe et al. [1], in which they describe a network as a cluster of drones that 

are assigned to different spots to establish a formation. Each particular drone may have a 

responsibility of traveling to different locations to gather user data based on bandwidth 
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demand. But, the drone must also take into account fairness among the different clusters. 

Like the WiMAX approach where each device has a channel to transmit, the drone must 

visit each cluster a certain amount of times to allow all devices a chance to transmit. The 

approach in our research is to use current techniques of drone networks by considering the 

data gathering at one particular area of clusters by a single drone. The method that the 

single drone gathers the packets is of particular importance and can greatly improve the 

overall performance of the data gathering scheme. Policies for a single a drone to achieve 

the highest throughput with battery constraints have been studied, but only for wireless 

sensor networks. The purpose of our research is to use previous research on drone 

scheduling plans for drone networks in a disaster effected area that transmit and gather 

packets, but to use a mobile device instead of the ones implemented in wireless sensor 

network hardware systems. The architecture looks to incorporate some aspect of multi-hop 

at nodes between devices but still allow for individual device to drone communication. 

Contribution 

In this research, we provide a comparative study of the performance of a wide range of 

policies for drone path scheduling to maximize the throughput while ensuring that every 

ground node is visited within a certain time limit. The time limit is driven by the drone's 

limited battery capacity. In other words, we measure the performance of each drone policy 

from a perspective of throughput and fairness. We first propose a notion of 'expected data 

rate', which is the expected amount of data received by a drone over a given time duration 

if it visits another node. We develop a suite of policies based on the expected data rate to 

meet the fairness constraint while hoping to maximize the throughput. We also consider 

other intuitive policies such as shortest-path-based policy. We perform extensive 

simulations over two different disaster environments and observe the following. A data 

gathering path plan maximizing throughput under battery and fairness constraint would be 

beneficial. Some strategic policies that utilize the expected rate perform better than others 

which do not. Also, policies that use expected data rate with no fairness constraint have 

similar throughputs to the policies that use expected data rate with a fairness constraint. 
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Because of the close similarity a statistical difference could not be concluded using a high 

confidence interval. 

 

 

 

Figure 1 — Drone Network in Disaster Area 
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Chapter 2 

Related Work 

In this chapter, we provide a brief overview of the challenges and solutions which have 

been proposed in the literature. This entails disaster relief based on wireless 

communications technologies with possible use of mobile stations/agents such as 

unmanned aerial vehicles or drones. Specifically, this chapter focuses on three main 

aspects. These are the physical and link layer network protocols to be used, tour planning 

algorithms and disaster scenario system approaches. The past research is used to construct 

and solve the practical scenario described in the introduction.          

Physical and Data Link Layer for Drone Networks 

The importance of the physical and data link layer comes from the protocol design that is 

implemented for network communication. This section describes the different possible 

protocols used for wireless communication and how they can be used efficiently for data 

gathering under battery constrained devices. Untimely this section will provide us with a 

framework for constructing out simulation environment and validate the possibility of such 

environment. The first research for the flying ad-hoc networks systems was discussed by 

[7]. Bekmezci et al. discuss the network is a subset of mobile ad-hoc networks (MANETs), 

but identifies the need for the network because they are different from the perspective of 

device characteristics (drones flying results in very fast changes in topology and other 

parameters that may affect network more rapidly than mobile devices). They also discuss 

the link layer of the network and its importance because of its mobility that will cause link 

changes. Currently many devices are equipped with the 802.11 standard at the device to 

drone level. This protocol employs an omnidirectional antenna that is utilized for control 

packets. Alshbatat et al. [8] show that the use of directional antenna can increase the 

throughput compared to the IEEE 802.11 standard when communicating directly device to 

drone without having to share the channel. But both of the two previous studies do not take 
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energy consumption into account because the UAV is a large aircraft as opposed to a drone 

with limited battery capacity. 

The most recent work that describes the system of UAV communications would be the one 

by Maxa et al. [9]. In this work they describe the data link layer has importance because of 

its mobility, and that the system uses an IEEE 802.11 approach. But new data link layers 

have been proposed to use existing military protocols such as Link-11 because of their data 

efficiency due to the low error rate (but the links are only half-duplex and can only transmit 

or receive at once), but many aspects are still to be investigated. Also, the 802.11p is a 

vehicle to vehicle or vehicle to base communication that has a transmission range up to 

around one-half mile. These techniques are important when building a wireless network to 

increase throughput with battery capacity constraint. Energy efficient protocols are 

consecrated towards a wireless sensor network data collection using drones. There is recent 

study to utilize a more energy effect protocol by using beam frames to announce presence 

of drone to sensors and also modifications to reduce power loss due to collisions [10]. 

Unfortunately, there is only consideration on the data collection for device to drone 

communication and not the data reaching an end user or base station. Also, whether or not 

the drone has to travel back to a deploy station for a recharge or it can land at the last node.  

Physical and link layer efficiency at the device to device, and device to drone commination 

is not the only area that has relevance. Drone to drone transmission is important and 

requires a link layer that is equipped with long range data transmission focus. Rahman et 

al. [11] describ a real-world situation in which long range capability is required. The author 

considers all of the wireless transmission capable protocols. They include IEEE 802.11, 

IEEE 802.15, and IEEE 802.16 [12]. IEEE 802.11 is WiFi which was discussed in the 

previous paragraphs. 802.15.4 is a short range capacity, ZigBee that provides low power 

transmission and multi-hop built-in capability between devices, but short range and low 

throughput capability. This standard is ideal for device to device communication at clusters 

in our research environment, shown in Figure 4. The IEEE 802.16 WiMax provides the 

capability to transmit long range, approximately 30 kilometers. The bandwidth capability is 

able to transmit high amounts of data in a short period of time. Although this may be ideal 
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for the drone to drone communication when the drones are long range distance. There are a 

few draw back including the obvious power requirements. Also, operating in the 

unlicensed band may cause interference and power restrictions because of the high 

frequencies being used.  

Current research for a drone aided disaster management using wireless sensor networks for 

communication is discussed in [13]. In a disastrous event, where the link between the base 

station and a node (or a cellular device) is broken, the node switches to ad-hoc mode in 

order to restore connectivity via a multi-hop connection. But, they do not place any power 

constraints on the system and use the wireless sensor network for drone to drone 

coordination. Ultimately, most of the focus in the network is communicating damage 

assessment or transmitting and receiving large amounts of data (video streaming). No 

emphasis has been place on voice calls or text messing. Also, their focus is geared toward a 

mobile ad-hoc network and does not consider to the mobility of flying ad-hoc networks by 

merely stating it as further work. The mobility factor needs to be accounted for as specified 

in the first paragraph of this paper. 

Wireless Sensor Network 

Wireless sensor network (WSN) architecture provides a solid framework for data 

communication that have power constraints with relatively low throughput demand 

compared to multimedia steaming demand. The author in [15] describing all aspects of 

industrial wireless sensor networks design and implementation from the hardware to the 

software. The design requirements for WSNs can be applied to device to device, or device 

to drone communication because of the power constraint placed on the device, and 

environment and distribution of the devices in a disaster effected area. Also, the low 

bandwidth the WSN platforms provide would be considered in a disaster related 

environment. Because of the power constraint, users would only be allowed to transmit low 

data packets (i.e. text message). 
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 Reducing the transmission power is a way to conserve energy. An analysis at the link-

layer for transmission power reduction to be achieved is through using the proper error 

correction methods [15]. There are two methods that can be employed, forward-error 

correction (FEC) and automatic repeat request (ARQ). Both of the link layer protocols 

reduce error in noisy environments. FEC would be beneficial in time sensitive situations 

where there is a hard deadline. But, the data transmitted would be increased. On the other 

hand, ARQ could be bandwidth efficient with the cost of longer latency. They  also 

mentions the importance of cross-layer communication. For, example the link-layer and 

transport layer use some type of error correction. And the proper cross-layer composition 

could be employed to improve bandwidth efficiency.   

They describe different sensor platforms and IEEE 802.15 standards that are implemented 

on these platforms along with the associated bandwidth. It turns out that some can operate 

on around 40Kbps while reducing the transmit power greatly. ZigBee, more formally 

referred to as 802.14.5 uses its features to extend battery life based on the activity of the 

sensor. Although, the sensors use a system on chip with a small embedded system, a large 

device may already have such capabilities and exploiting these techniques can be important 

at the middleware level.  

WSN Data-Gather Plans 

There are many ways to construct and solve a data gathering scenario for a cluster of 

wireless sensor networks. In this section the investigation begins with a policy for the 

cluster of sensors to multi-hop to an end point in the most energy efficient way. Then, the 

section concludes with drone data gathering from a group of sensor nodes were the 

environment has numerous clusters of sensors nodes. This is a good segment into the 

research conducted in our research. The most energy efficient way for data to multi-hop to 

an end point is by considering a weighted graph where the weights are the power 

requirements and solving for the optimal path [16].  The framework of our experiment is 

useful because the experiment is conducted with different policies to find conclusive 

results. 
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Kim et al. [17] investigates a similar topology, but allows the sensor nodes to multi-hop to 

the drone through the sensors that are in range of the drone. The problem he solves is how 

to schedule the drone to minimize trip time and maximize throughput. The answer is 

somewhere in the middle of having the drone hover in one spot (acting as the relay 

between the sensors and the base station) and the sensors multi hop through one sensor to 

reach the drone. Or the drone files to every node and collects data. One example of a 

scheduling path is shown in Figure 2. The squares in Figure 2 can increase or decrease in 

area. This in turn increases or decreases the path length the drone files. He treats this as a 

Traveling Salesman problem where the sensors generate constant data over time. He finds 

the optimal pattern for different error rates at which the drone receives data from the 

sensors. Our proposed system is quite different because the mobile devices generate 

packets randomly over time and the devices generate packets at a more rapid rate. But Kim 

et al. [17] can provide the right scheduling methods to use in our system research.  

 

Figure 2 — Example of drone collecting data in service area 

Wu et al. [18] explore a single drone scheduling plan to gather data from sensor nodes. The 

topology is set to a cluster of nodes distributed throughout an environment. Each node is a 

random distance away from another and the goal for the drone to visit the nodes and collect 

the data. During the problem, an algorithm is used to calculate the effective-cost to 
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optimize energy efficiency. This algorithm takes into account the distance between the 

nodes, and the energy associated with the trip including hovering time over the node. This 

algorithm is considered a greedy algorithm, because at each iteration it ranks the nodes 

with the highest cost-effective rate and selects the node. This is the traditional approach to 

solving a Set Coverage Problem. The framework of our research utilizes a variant of this 

approach, but instead of minimizing energy we will look to maximize throughput by 

considering packets generated at nodes instead of energy consumed.   

UAV Path Planning 

Path planning for unmanned Ariel vehicles (UAV) has been around for decades. The 

techniques and architectures have evolved as the technology and research progressed. Path 

planning can be defined as targets (nodes) of interest that are stationary [6]. Whereas a 

trajectory planning involves a more dynamic approach of the environment nodes [17]. The 

early problem the Jun et al. [6] articulates involves moving from one point to another in the 

presence of obstacles or adversarial vehicles. The UAV has some prior knowledge of the 

environment and where these hazardous areas are located in the two-dimensional plane. 

Theses translate to probabilities of a hexagonal shape. The goal is the find the shortest path 

between the two points that has the lowest probability of encountering danger. A Bayesian 

approach is used towards modeling the path probability, and the Bellman-Ford algorithm is 

used to find the shortest path. Ultimately, they can incorporate the amount of risk the UAV 

is willing to encounter on the way to the destination if there exits shorter paths with more 

danger than the least dangerous path. The research in our study assumes the path between 

nodes is a direct one and there is no danger in between. But, situations may arise that do 

not allow the drone to travel in a straight path from node to node based on environmental 

issues in future research.  

Disaster Relief via System Drone Networks 

Drone networks equipped with transmission capability in a disaster effect area is studied 

and illustrated in Figure 3 [14]. The study sets up the scenario and provided meaningful 



11 

 

insight into the drone specifications and best available drones on the market. The drones 

are equipped with a LTE femtocell that is capable of collecting packets. Once the packets 

are gathered from users, and the battery of the drone is low the drone travels back to the 

base station to deliver the user data to the backbone infrastructure. LTE is used because of 

the collision less protocol unlike IEEE 802.11. Multiple drones are used in this scenario 

and gather large amounts of data from users. Approximately 1Mbps is the throughput 

demand. It can be realized that the high demand on throughput can put an unnecessary 

strain on the network which can decease drone available time. Nonetheless, our topology 

of the fairness network builds on this study. The authors found that a drone from 23 meters 

high can cover 224 users. The drone has a speed of 12 meters per second. The drone has a 

flight time and carrier capability of less than an hour.  

 

Figure 3 – Different steps to establish the drone network 
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Chapter 3 

System Model 

Overview and Fairness Definition    

The system model is designed to bring together the model parameters and topologies 

described in the previous chapter, and introduce new methods for solving similar problems 

but with new and particle constraints. A high-level architecture for the system is shown in 

Figure 4.  A single node in Figure 4 corresponds to the highlighted area in Figure 5. The 

proposed network protocols at each level are shown in Figure 4. 

 

 

Figure 4 — Network Architecture 
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The new constraint that is placed on the system architecture and performance is the idea of 

fairness. Fairness is an important concept in disaster relief areas, and allows every device 

to connect with others outside the disaster area and communicate. This is the practicality of 

the problem. For the purpose of this system, the term fairness is defined on the basis of 

visiting every node in the disaster effected area at least once per certain amount of time. 

Therefore a certain fairness policy has the constraint of visiting every node before the 

battery has been drained. The system architecture along with the initial conditions and 

assumptions are designed and defined in order to make a fairness policy practical for 

disaster relief areas. For example if the distance to visit every node at least once is 

approximately equal to the life of the battery, then a strategic policy to increase 

performance is irrelevant since there is only one possible policy. On the opposite end of the 

spectrum if the battery life is extremely larger than the size of the disaster effected area, a 

fairness constraint would be useless because a drone would evenly visit every node 

because of the removal of time constraint. Therefore, the architecture is designed with this 

in mind while keeping the practicality of the system intact. The remainder of the chapter is 

focused on discussing the design and implementation of the system, along with defining 

the different strategies to increase performance in the system under the newly identified 

fairness constraint.   

Topology & Node Placement  

The topology of the environment in which the experiment will be carried out is a two-

dimensional layout and an example is illustrated in Figure 5. The drone can move in any 

direction on the surface that corresponds to the direction of a node destination. The 

direction of travel of the drone from node to node is a straight line and therefore represents 

the shortest path. There is no height parameter and drone accent and decent length is not 

taken into consideration. The definition of a node with respect to the simulation is any 

point on the map that corresponds to a change in direction of the drone. In reality the node 

is equivalent to a group of people generating data in a disaster effected area (Figure 4). The 

nodes will be uniformly distributed over the two dimensional plane. A uniform random 

number generator in the simulator is used to generate the x and y coordinates of the node 
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placement. The precision of the coordinates is set to four (4) significant figures. Figure 5 

illustrates one particular example of how the nodes can be distributed over the simulation 

environment. Each blue dot corresponds to an individual node. The size of the node is 

ambiguous and is just enlarged for convenience. The weight of the node is the critical 

parameter to the experiment and is determined by the amount of data generated by the 

group of people attached to a specific node. The number of nodes in this particular example 

is ten (10), but can take any value based on the experimentation initial conditions. Also, the 

size of the map in this particular example is set to a certain value but can be changed to any 

desired value and is specified in the initial conditions. 

 

Figure 5 — Distributed Node Placement in Simulation Environment 

Initial Conditions 

The following Table 1 values assigned to parameters define the initial conditions of the 

simulation and remain unchanged throughout the simulation. The first column in Table 1 is 

the parameter, the second column is the description of the parameter and the last column is 

the value assigned to the parameter during the simulation. These parameter values are 
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chosen in order to define a situation in which a fairness policy would have applicability, 

and is meant to emulate a real life disaster relief scenario. The units of the parameters are 

with reference to one time slot. The number of devices generating data at each node is 

arbitrary since the node defines the total data being generated by the devices in range of a 

network device equipped to the drone. The length of 1 time slot is defined as 1 unit of time, 

and therefore the period is measured as the number of unit times that pass. Distance is 

measured per unit length, and speed is measured distance per 1 unit time. The maximum 

packet generation rate, 𝜆, is measured in packets per one unit of time. The size of the 

packet is arbitrary. 

Table 1 — Initial Parameters  

Parameter Description Value 

Nodes The number of nodes that is used 

during the simulation.  

10 

Period The number of time slots the 

drone has to fulfill the fairness 

policy. In reality, this is a value 

that is determined by the battery 

capacity. 

80 

Drone Speed The velocity of the drone per unit 

time slot. 

1 

Square 

Distance 

The area for which the nodes are 

distributed over. Otherwise 

known as the simulation space 

10 

Maximum 

Lambda 

The maximum value that a node 

could possibly be assigned when 

generating the value of 𝜆. 

10000 

 

Assumptions 

In order to create a practical model, many assumptions are made based on the environment, 

equipment and people associated with the disaster effected area. The drone has knowledge 

of the transmitted data rate for each node at the beginning of the simulation. This is a 
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plausible assumption since the metrics could have been obtained by the last available 

transmissions of the base station in the disaster relief area before it was disconnected. The 

drone is equipped with a network device that has the ability to interface with at least one of 

the user devices at each node. When the drones arrive at a node, the upload of the total 

amount of data generated at the node is instantaneous. The data generated by each user at a 

particular node is buffered on a user device, and the node buffer is the collection of each 

person’s device buffer at the node. There is no maximum for the amount of data that can be 

stored at the node buffer, therefore no data is lost due to buffer overflow. Each device has 

the ability to multi hop through each node, but only to transmit Meta data that describes the 

amount of payload data the user is buffering. This way the drone is able to have knowledge 

of the amount of each nodes buffer size when deciding which node to visit next. The multi 

hop notion is limited to small amounts of data because of battery, and size restrictions. 

From a practical standpoint, the multi hop would occur from user device to device 

communication at neighboring nodes. The device only has a limited charge. The action of 

allocating user memory for multi hop communication is another topic of research and can 

be established from the application layer of a connected ad-hoc network.  Finally, we 

assume the drone is equipped with a broadband access capable of reaching a base station 

that is capable of delivering data to devices outside the disaster relief area. In this sense, we 

only consider transmit only capability because of power constraints. Lastly, we assume the 

drone velocity is constant throughout the simulation. For the beginning of the simulation, 

we assume that the drone arrives at node 1, one time period after the beginning of the 

simulation. This is to account for the drone being launched from a close by deploy station. 

Also, the buffer for each node will be empty and any packets generated before the 

simulation are discarded. At the end of the simulation, the drone is assumed to have begun 

its travel back to the deploy station to recharge and no more data collection can occur.     

Simulation Procedure 

After the number of nodes to be used in the simulation is defined, and the placement of the 

nodes in the simulation space is generated, the data rate 𝜆 for packets generated at each 

node is determined. This is an important step because it is used when implementing the 
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Poisson Process described below. The value of 𝜆 for each node is randomly selected and 

uniformly distributed with a value between 0 and the maximum lambda value stated in 

Table 1. Once these values are assigned, they remain the same the entire period. The map 

illustration in Figure 6 on the next page shows the placement of the 𝜆 values to their 

respective node. For example, λ1signifies that unique value assigned to node one. The 

beginning of the simulation is marked by the start of the Poisson Process.   

The Poisson process with rate 𝜆 is used to generate packets during a time interval 𝑇, where 

the inter-arrival time between two consecutive packets is exponentially distributed with 

rate 𝜆. Here, 𝜆 is the average packet generation rate over time. In the simulation, at each 

node, a new packet is generated at time t that is advanced by an exponentially distributed 

random time (with rate 𝜆), as long as time 𝑡 is less than the time interval 𝑇. Note that time 𝑡 

is reset to 0 at the beginning of each time interval. All the generated packets are added to 

the buffer at each node.   

 

Figure 6 — Lambda Assignment Mapping 
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Once the packets are generated at time 𝑇, the simulator decides if the drone is in the 

process of traveling or the drone is at a node and needs to decide which node to travel to 

next. If the drone is traveling, the decision process is skipped and the packet generation 

stage begins for the next 𝑇, and the travel counter is decremented. If the drone is at a node, 

a decision must be made. In order to optimize the number of packets the drone collects for 

a single decision, we introduce the notion of expected data rate. The expected data rate 

takes variables such as distance, data rate, and total packets generated into account. The 

expected data rate is determined for each node when it is time to determine the next node 

to visit, and the expected rates are ranked from first to last. The node with the best 

expected rate is selected. This guarantees the drone selects the optimal node for a particular 

decision time. 

𝑅𝑛 = λ𝑛 +
𝑄𝑛

∆𝑇
= λ𝑛 + (

𝑄𝑛 ∗ 𝑣𝑑

𝑑𝑚,𝑛
) 

The formula above defines how the expected data rate is computed for each node. The term 

𝑅𝑛 is defined as the expected data rate for a given node 𝑛. The variable λ𝑛 is the assigned 

data rate for the node. The variable 𝑄𝑛 is the total accumulated packets in the buffer at the 

node. The constant 𝑣𝑑 is the drone velocity and remains constant throughout the 

simulation, and is defined in the initial conditions. The variable 𝑑𝑚,𝑛 is the distance from 

the node the drone is currently at to the perspective node. Essential the equation is the 

addition of two rates, the actual rate and the predicted rate. The first is the predicted 

rate, λ𝑛 and the second is the packets it would accumulate if the total number of packets 

already in the buffer is defined as an actual rate. 

The algorithm in Figure 7 describes the process of gathering results. The throughput, 

packets lost, and uploads are counters that accumulate over the course of the entire 

simulation. Each simulation consists of eighty (80) time slots which is equal to one period. 

Therefore the total simulation consists of one thousand (1000) which corresponds to 1000 

periods in which the drone collects packets. Each period, a different position for each node 
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is generated along with the corresponding data rate. Only one policy is implemented during 

a simulation. Therefore to compare policies, multiple simulations are executed.   

 

Figure 7 — Simulation Algorithm  

Goal 

The goal of the simulation is to show how a fairness policy implementation performs in 

this situation and make recommendation on which fairness policy would perform best 

under these circumstances. In order to gather the necessary results and make accurate 

conclusions based on the scenario, certain metrics are recorded over the course of the 

simulation. These metric are discussed in the results and identified in Figure 7. When the 

simulation is complete, each policy specified in the next paragraph is implemented and the 

respective metrics are weighted against one another to determine the performance. Once 

the information has been gathered, the recommendations can be made on which policy 

performs best in the system.  
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Chapter 4 

Decision Policies 

Greedy Non-Fairness Policy  

The greedy policy takes the path to the node with the highest expected rate, 𝑅𝑛 every 

decision making possibility, in order to maximize throughput every decision. The only 

time the drone does not take the path with the highest expected rate in this situation is 

when the travel time to the node is less than the remaining time left for the period. If the 

situation occurs, the drone chooses the node with the second highest expected rate and 

determines how long it will take for the drone to travel to that node. If the same situation 

occurs were travel time is greater than time remaining in the period, the drone will choose 

the node with the highest expected rate in which the travel time is less than the time 

remaining. If none of the nodes are in range, the drone remains at the current node and 

collects packets for the remaining time.  Once the period has expired the drone is finished 

collecting packets.  

 

Figure 8 — Expected Rate Selection 
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Figure 8 illustrates a graphical representation of how the drone selects the next node to 

visit. The expected data rate of the first node is calculated and stored, and so forth until the 

expected data rate for each node has been calculated. Once the expected data rate for each 

node has been calculated, the rates are ranked and the highest one is selected as the next 

drone destination pending the travel time based on the period. For example, the solid 

orange line in Figure 8 pointing to the node, indicates the selection of that node as the next 

drone destination. This algorithm and all proceeding algorithms occur during the Decision 

Policy in Figure 7.      

Repeated Shortest Path Fairness Policy 

The repeated shortest path policy is a scheme that tries to reach the maximum number of 

nodes each period while achieving the highest possible fairness between all of the nodes. 

Hence, every node is visited equal or within one total visit of one another. This is done by 

following the shortest path from the beginning node to the last unvisited node. Once the 

path is complete, the drone begins its travel back to the beginning node by visiting the 

previous nodes is reverse order as it did to get to the last node as illustrated in Figure 9. 

After the node has traveled path nine (9), the next node visited is the one in which the path 

to it is 10. The next path to the following node is 11, and this trend continues until the 

drone has finished path 18. At this point the drone begins to travel the original path it 

started at the beginning of the period (Path 1, Path 2, Path 3, etc…). The process continues 

until the time to travel to reach the next node is greater than the time remaining in the 

period. At this point, the drone remains at the current node until the end of the period. In 

order for the drone network to reach complete fairness, the drone must end the period on 

the first or last node. Hence every node has been visited the same number of time. Note the 

shortest path is found by considering all possible permutations of paths from first to last 

node. The math below shows the number of possible paths to consider. 

# of Possible Paths =
𝑁!

𝑁
=

10!

10
= 362,880 
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Figure 9 —Expected Rate Selection 

Random Selection Fairness Policy   

The random selection policy is a method for gathering metrics if no strategic policy was 

used after the fairness policy has been fulfilled. The beginning of the period follows the 

shortest path from the beginning node to the last unvisited node. Figure 9 illustrates and 

example by visiting Path 1 through Path 9 in order to fulfill the fairness policy of visiting 

every node at least once. After the fairness constraint has been fulfilled the next path to a 

node is determined at random by selecting a node from a uniform random distribution. 

Once the drone arrives at the next node, the process continues by generating a random 

number from a uniform distribution to select the next node. Note that the current node may 

be selected and therefore it remains at that node for one (1) time interval. The process 

repeats until the remaining number of time slots in the period is less than the time to travel 

to the next node.     
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Last Minute Fairness Achievement with Effect Rate Policy 

The fairness policy using last minute fairness achievement is an attempt to achieve fairness 

and achieve maximum throughput during the period while having minimal loss of packets 

left in the buffer. The concept of this policy arises from the fact that the drone has the 

possibility of visiting every node during the period based on using the expected rate as the 

decision. As described in the first section of this chapter, the algorithm implemented at the 

beginning of the period selects the node with the highest expected rate at each decision 

making opportunity. This is labeled “Decision Policy” in Figure 7. As the simulation 

continues, the algorithm monitors the amount of time the drone would have to expend in 

order to visit the remaining nodes via the shortest path. If the time exceeds the amount of 

time left in the period plus some cushion, the drone must take the shortest path in order to 

fulfill the fairness policy. The cushion term is the time it would take for the drone to visit 

the node listed with the highest expected rate plus the time to the first unvisited node. 

Therefore, it can be realized that there is a possibility that if the drone visits all of the nodes 

under the expected rate policy, a fairness policy would not need to be implemented and 

potentially reduce loss by sacrificing traveling to the highest gained throughput node.   

   

Figure 10 — Last Minute Fairness Achievement with Expected Rate Decision Policy 

Algorithm  
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Early Fairness Achievement with Effect Rate Policy 

The fairness policy using early fairness achievement is another attempt to achieve fairness 

and achieve maximum throughput during the period while having minimal loss of packets 

left in the buffer. The policy is the opposite of the last minute fairness achievement policy 

and similar to recursive shortest path. The beginning of the algorithm finds the shortest 

path to visit each node. Once the path is found, each node can be visited at the beginning of 

the period and the fairness policy is achieved. In an attempt to maximize throughput for the 

rest of the period while minimizing lose, the node with the highest expected rate is 

selected. The drone continues to make the selection of each node based on the highest 

expected rate for the rest of the period. If the same situation occurs were travel time is 

greater than time remaining in the period, the drone will choose the node with the highest 

expected rate in which the travel time is less than the time remaining. If none of the nodes 

are in range, the drone remains at the current node and collects packets for the remaining 

time. Once the period has expired the drone is finished collecting packets. 

 

Figure 11 — Early Fairness Achievement with Expected Rate Decision Policy Algorithm  
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Chapter 5 

Performance Evaluation 

Performance Metrics 

The performance metrics gathered after each simulation are listed and described in Table 2 

below. The metrics are used to determine the performance of the scheduling policy. The 

method in which the metrics are gathered are illustrated in Figure 7. The line in Figure 7 

‘Upload by empty node buffer’ indicates the throughput count is added too by the number 

of packets in the node buffer, and the upload count is incremented. The line in Figure 7 

‘Calculate packets left in buffer’ constitutes during the simulation when the period is over 

and the Loss is gathered. The remainder of the chapter discusses the performance of each 

policy by measuring the metrics against the other policies. 

Table 2 — Performance Metrics  

Metric Description 

Throughput The total number of packets sent from the node 

buffer to the drone at the end of the simulation. 

Each packet is considered through once that drone 

has received it from the node buffer. 

Uploads An upload is defined by transferring any number of 

packets at a node buffer to the drone at a specific 

instance. The number of packets that is sent to the 

drone from the buffer is determined by the number 

of packets waiting at the node buffer with no size 

restriction. 

Loss The total number of packets left in each node 

buffer at the end of the simulation. These are 

considered to be the packets that were generated at 

the node buffer but, the drone did not collect. 
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Experimentation Methodology 

The purpose of a proper methodology is to establish a results gathering plan that correctly 

shows how the policy plans were derived based on previous results of less important 

policies. The first part of the simulation is to establish a baseline of results to illustrate the 

need for policy because of underperforming results. Then to establish a non-fairness policy 

that determines the numbers that can hopefully be achieved by the fairness policy. The 

non-fairness policy is determined to provide the maximum performance because of the 

unconstraint non-implementation of fairness. Once a baseline is established, the recursive 

shortest path algorithm is run to show an intuitive, low complexity algorithm. Final, the 

last two algorithms are run. Last minute achievement and early achievement, and the non-

intuitive answer as to which one performs the best is revealed. Before running the last two 

algorithms it is possible to use intuition and determine which performance is greater 

between non-fairness, random, and recursive shortest path. But, the last two may not be. 

The figure below illustrates the policy flow over the multiple simulation process.   

 

Figure 12 — Experimentation Methodology 

Early Fairness Achievement with Expected Rate PolicyEarly Fairness Achievement with Expected Rate Policy

Last Minute Fairness Achievement with Expected Rate PolicyLast Minute Fairness Achievement with Expected Rate Policy

Repeated Shortest Path Fairness PolicyRepeated Shortest Path Fairness Policy

Greedy Non-Fairness PolicyGreedy Non-Fairness Policy

Random Selection Fairness PolicyRandom Selection Fairness Policy
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Throughput Results  

The tables below summarize the results of three (3) separate experiments. Each experiment 

consists of five (5) separate simulations, one for each policy. As stated in Figure 7, each 

simulation is eighty (80) periods and the total number of simulations in the experiment is 

one-thousand (1,000). Refer to Tables 3 through 5 for results.  

Table 3 — Experiment 1 Results  

Policy Throughput Uploads Loss 

Random Selection Fairness  2,143,741,885 21,513 1,809,000,000 

Greedy Non-Fairness 3,103,673,738 24,196 848,689,540 

Repeated Shortest Path Fairness 2,946,406,822 27,633 958,295,248 

Last Minute Fairness 2,921,706,030 23,743 1,020,300,000 

Early Fairness  3,111,923,386 24,286 840,132,736 

 

Table 4 — Experiment 2 Results  

Policy Throughput Uploads Loss 

Random Selection Fairness  2,141,639,376 21,484 1,820,500,000 

Greedy Non-Fairness 3,072,188,617 24,258 851,834,566 

Repeated Shortest Path Fairness 2,962,837,599 27,470 972,594,576 

Last Minute Fairness 2,913,747,872 23,825 1,039,000,000 

Early Fairness  3,101,128,525 24,223 841,263,709 

 

Table 5 — Experiment 3 Results  

Policy Throughput Uploads Loss 

Random Selection Fairness  2,140,455,267 21,634 1,793,700,000 

Greedy Non-Fairness 3,081,693,210 24,243 852,102,700 

Repeated Shortest Path Fairness 3,011,773,564 27,526 976,864,475 

Last Minute Fairness 2,918,528,624 23,655 1,033,300,000 

Early Fairness  3,130,346,386 24,250 857,163,306 
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The values in Table 6 illustrated below correspond to the averaging together of the values 

gathered over the course of three experiments listed in Tables 3 through 5. Table 6 is a 

summary of the overall results and the numeric values that are used to make 

recommendations and draw conclusions.  

Table 6 — Average Experiment Results   

Policy Throughput Uploads Loss 

Random Selection Fairness  2,141,963,509 21,665 1,807,733,333 

Greedy Non-Fairness 3,085,851,855 24,232 850,875,602 

Repeated Shortest Path Fairness 2,973,672,661 27,543 969,251,433 

Last Minute Fairness 2,917,994,175 23,741 1,030,866,666 

Early Fairness  3,114,466,099 24,253 846,186,583 

 

The figures below labeled 10 through 12 illustrate a graphical representation of the 

numerical results in Table 6. 

 

Figure 13 — Policy vs. Throughput Comparison 
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Figure 14 — Policy vs. Uploads Comparison 

 

 

Figure 15 — Policy vs. Packet Loss Comparison 
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Fairness Results 

The results of this section show the amount of fairness that is required depending on the 

size of the period, and how the amount of fairness effects the throughput. The policy 

implemented is Last Minutes Fairness. The policy was used to collect the metric because it 

is the only policy in which a counter was necessary to obtain the number of times the 

fairness policy needed to be implemented at the end of a period. Fairness policy utilization 

is defined as taking the path to the node in which another node would be a better choice. 

Table 7 illustrates the results below. The total experiment time is equal for each 

experiment, 80,000 periods.   

Table 7 — Fairness Implementation Results   

Periods Simulations Policy 
Utilized 

Throughput Policy Per 
Period 

50 1600 5190 2304309137 3.2437 

64 1250 2844 2657966692 2.2752 

80 1000 1752 2918528624 1.7520 

100 800 1115 3106521836 1.3937 

125 640 779 3339806464 1.2171 

 

The figures below illustrate a graphical representation of Table 7. The purpose of the 

graphs are to depict how the relationship of policy and throughput are effected over time. 

The graphs are meant to provide a sufficient method to draw conclusions using a visual 

representation. Figure 16 represents how the amount of fairness that is utilized as the 

amount of time in a period changes. Figure 17 represents how the throughput changes as 

the period changes.  
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Figure 16 — Period vs. Policies Implemented  

 

 

Figure 17 — Period vs. Throughput  
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Discussion and Recommendation 

The results depicted in the figures and tables above indicate that a scheduled policy would 

be beneficial when implementing a drone network in a disaster relief area based on the 

unappealing results from the random policy. The biggest variation in the data other than the 

random policy was the number of packet uploads for the repeated shortest path policy. This 

would have been beneficial if the amount of data per upload was large enough to outweigh 

the tradeoff of battery usage per upload. Also, this fact coupled with the large packet loss 

does not make for a best policy even through the throughput was relatively high in 

comparison with the other policies. We can say based on statistical analysis testing, there is 

a statistical significance between the fairness policies to indicate that the Early 

Achievement throughput is best when considering only the fairness policies. A 99% 

confidence interval was used to make the conclusion. But, there is no statistical 

significance to indicate that there is a difference between the greedy non-fairness policy 

and the early achievement fairness policy throughput. A 90% confidence interval was used 

to make the conclusion. A one-sided analysis of variance (ANOVA) test was used to draw 

the conclusion based on a head to head comparison.       

Based on the metric, the two best fairness policies are the Late and Early Achievement 

Policies. As previously discussed the Early policy outperformed the Late policy in 

throughput. The answer of why this is true lies in the final performance characteristics, 

packet loss. The Early Policy has lost approximately 22% less packets than the Late policy. 

Therefore, the drone was not traveling to the nodes with the most data at the end. Instead 

those packets were left in the buffer. It can be said that the Late policy is a more risky 

policy since you are taking a chance you hit all the nodes before having to implement the 

fairness policy. The most interesting results come from the amount of fairness utilized 

related to the overall throughput. The amount of fairness exponentially decreases while the 

throughput only increases linearly with the period as shown in Figure 16 and 17. This 

implies that the amount of fairness implemented does not have a linear relationship with 

the throughput. This most likely stems from the unlimited buffer size of the nodes.     
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Chapter 6 

Conclusion 

The situation implemented in this research was derived from previous research conducted 

on drone networking and disaster relief scenarios. Once the research was complete, the 

problem was stated based on the gap of information that had not previously been 

completed. Hence, the concept of fairness policy was generated. The topology and system 

architecture was constructed to a practical level in which a fairness policy might be useful. 

The experiment was conducted and the results illustrated the need for a fairness policy in 

certain scenarios similar to the ones built in this study. 

A data gathering path plan would be beneficial under fairness and battery capacity 

restrictions. The results indicate that without a path plan under the restrictions, the overall 

throughput would greatly suffer compared to a policy that strategically selects the path. 

This was evident when comparing the random policy to the other policies. The random 

policy symbolized an unplanned path schedule while the other polices symbolized a 

strategic path schedule. The results also indicated that the early achievement policy 

generated the most throughput compared to the other policies. Therefore, the best fairness 

policy to implement to guarantee the most throughput is the early achievement fairness 

policy.  

Future work to expand on the fairness constraint can be implemented by incorporating new 

data gathering path plans. These plans include calculating the expected rate for the drone 

for two time intervals instead of one. Then comparing the results to observe if there are 

data gathering path plans that generate more throughput under the fairness constraint. Also, 

the method of gathering data can be expanded upon by restricting the buffer size as well as 

adding delay for when the drone uploads the packets from the node buffer. These 

restrictions may increase the practicality of the scenario and provide more insight into the 

data gathering path plan under fairness constraint.  
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Appendix A 

Source Code 

 

The source code below is the final version used to gather results. In order to run a 

simulation using a specific policy, uncomment the policy desired and comment all other 

policies. Then declare in the header the policy implemented for convince. Each policy is 

described in the header for convenience. In this particular instance, Policy 2 is being 

implemented. Therefore all other policies are commented out except for Policy 2. The 

output of the simulation is a numeric value assigned to the variables Throughput, Upload, 

and Loss.  

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% 
% DroneNet Fairness Polciy 
% 
% Version: 5.0 
% Date: 03/25/2019 
%  
% Updates v2: Fairness policy 2 now uses Shortest Path to find remaining path 
%             instead node rate to rank nodes to travel too. 
% 
% Update v3:  Use naive schedule plan (random), best data rate, shortest 
%             path for the entire period 
% 
% Update v4:  Added Greedy non-Fairness Plan, removed shortest path entire 
%             period. Added missed packet metric. Added MNR Classification. 
%             Added logic at end to increase throughput 
% 
% Update v4.1: Removed classification, added two-stage for effective rate 
%  
% Update v5.0: Removed all instances of two-stage. Added Short path entire 
%              trip policy. Added statement to only generate packets if 
%              period has not expired. 
% 
%%%%%%%%%%%%%%%%%%%%%%%%%%% Policies %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% 
% Policy 1: Fairness (Shortest Path Beginning & Effective rate until end) 
% Policy 2: Fairness (Effective Rate beginning & shortest path end) 
% Policy 3: Fairness (Shortest Path at beginning & Random End) 
% Policy 4: Fairness (Shortest Path at beginning & best rate node until end 
% Policy 5: Greedy Non-Fairness (Effective Rate the whole time 
% Policy 6: Fairness (Shortest path recursively until end) 
% 
% Policy Implemented: 5 

% 
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%%%%%%%%%%%%%%%%%%%%%%% Defined Variables %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
vd = 1; % drone velocity 
sdist= 10; % area square units to map points 
period=80; % number of T in fairness period 
max_lambda=10000; % packet generate rate  
%map_lambda=15; %intensity for ppp 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
Policy=0; %Global policy counter 
Upload=0; %Global counter 
throughput=0; %Global throughput 
missed=0; %Missed nodes during greedy 
lost=0; %Global for packets left in buffer at end 
for simulation=1:1 
    %% Poisson Point Process 
    npoints =  10; %poissrnd(map_lambda); %random number of points  
    point = sdist*rand(npoints, 2); 
    plot(point(:, 1), point(:, 2), '.'); 
    %% Distance between points 
    distance = zeros(npoints,npoints); %distances between points for each 

combinations 
    for node=1:npoints 
        for other=1:npoints 
            if other~=node 
                X=[point(node,1),point(node,2);point(other,1),point(other,2)]; 
                distance(node,other)=pdist(X,'euclidean');  
            end 
        end 
    end 
    %% Shortest Path Algorithm 
    shortest = sdist*npoints; 
        tpath=perms(2:npoints); % all possible paths 
        for g=1:size(tpath,1) 
            pshort=distance(1,tpath(g,1)); 
            for h=1:npoints-2 
                pshort=pshort+distance(tpath(g,h),tpath(g,h+1)); 
            end 
            if pshort < shortest 
                shortest = pshort; 
                enumpath = g;    
            end 
        end 
    %% Initialize   
    T=1; % 1 unit of time 
    search=0; %policy 1 counter 
    V=zeros(npoints,1); % preallocated for keep track of visited nodes 
    rate_lambda=zeros(npoints,1);  
    node_packet_count=zeros(npoints,1); 
    R=zeros(npoints,2); % preallocate for effective rate decision matrix 
    for i=1:npoints % generate random lambda for point rate 
        rate_lambda(i,1)=randi(max_lambda); %each node have own rate 
    end 
    current=1; %begin at node 1 
    V(1,1)=1; %Set first node to visited 
    travel=1; %collect packets at first node for 1 time period unit 
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    %% Main Loop 
    for p=1:period 
        P=zeros(npoints,1); % packets generated matrix 
        %% Determine next node & calculate throughput 
        if travel <= 0 
            throughput=int64(throughput+node_packet_count(current,1)); %assume 

upload is instantaneous 
            node_packet_count(current,1)=0; %empty buffer 
            Upload=Upload+1; 
            %% Effective Rate 
            R(:,1)=0; 
            for m=1:npoints %create indexes for R matrix values 
                R(m,2)=m; 
            end 
            for l=1:npoints %create effective rate matrix 
                if l == current 
                    R(l,1)=rate_lambda(l,1); 
                else                                   

                    R(l,1)=rate_lambda(l,1)+ 

                        (node_packet_count(l,1)*vd)/distance(current,l);  
                end 
            end 
            for y=1:npoints % sorting R matrix values and index (node) 
                for k=1:npoints-1          
                    if R(k,1) <= R(k+1,1) %greatest to least 
                        a=R(k,:); 
                        b=R(k+1,:); 
                        R(k,:)=b; 
                        R(k+1,:)=a; 
                    end 
                end 
            end 
         %% Determine next - Fairness Policy 1 (Shortest Path Beginning) 
%             q=1; 
%             while search == 0 
%                 old=current;             
%                 if V(tpath(enumpath,q),1)==0 
%                     current = tpath(enumpath,q); 
%                     V(tpath(enumpath,q),1) = 1; 
%                     travel = distance(current,old)/vd; 
%                     break 
%                 elseif q < npoints-1 
%                     q=q+1; 
%                 else 
%                     search = 1; %end fairness policy 
%                 end 
%             end 
%             if search == 1 
%                 z=1; 
%                 for  w=1:npoints 
%                     if ((distance(current,R(w,2)))/vd < (period - p)) && z==1  
%                         old=current; 
%                         current=R(w,2); 
%                         travel = distance(current,old)/vd; 
%                         V(current,1)=V(current,1)+1; 
%                         z=0; 
%                     end 
%                 end 
%             end 
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         %% Determine next - Fairness Policy 2 (Wait until end) 
%             L=find(V==0); %unvisited nodes 
%             s=size(L,1); 
%             if s>1                 
%                 shortest = sdist*sdist; 
%                 tpath=perms(L); % all possible paths 
%                 for g=1:size(tpath,1) 
%                     pshort=distance(current,tpath(g,1)); 
%                     for h=1:s-1 
%                         pshort=pshort+distance(tpath(g,h),tpath(g,h+1)); 
%                     end 
%                     if pshort < shortest 
%                         shortest = pshort; 
%                         enumpath = g; 
%                     end 
%                 end         
%                 remain = shortest/vd; %determine remaining travel time avaliable           
%                 have = (period - p) - (distance(R(1,2),current)/vd)-

(distance(R(1,2),tpath(enumpath,1))/vd)-remain; 
%                 if have <= 0 %fair path 
%                     old=current; %store old for distance 
%                     current=tpath(enumpath,1); 
%                     Policy=Policy+1; 
%                 else 
%                     old=current; %store old for distance 
%                     current=R(1,2); 
%                 end 
%                 V(current,1)=1; 
%                 travel = distance(current,old)/vd; 
%             elseif s==1 
%                 have = (period - p) - (distance(R(1,2),current)/vd)-

(distance(R(1,2),tpath(enumpath,1))/vd); 
%                 if have <= 0 %fair path 
%                     old=current; %store old for distance 
%                     current=L(1,1); 
%                     V(current,1)=1; 
%                     travel = distance(current,old)/vd; 
%                     Policy=Policy+1; 
%                 else 
%                     old=current; %store old for distance 
%                     current=R(1,2); 
%                     travel = distance(current,old)/vd; 
%                 end 
%             else %if s=0 
%                 z=1; 
%                 for  w=1:npoints 
%                     if ((distance(current,R(w,2)))/vd < (period - p)) && z==1 
%                         old=current; 
%                         current=R(w,2); 
%                         travel = distance(current,old)/vd; 
%                         z=0; 
%                     end 
%                 end 
%             end 
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        %% Fairness Policy 3- Random 
%             q=1; 
%             while search == 0 
%                 old=current;             
%                 if V(tpath(enumpath,q),1)==0 
%                     current = tpath(enumpath,q); 
%                     V(tpath(enumpath,q),1) = 1; 
%                     travel = distance(current,old)/vd; 
%                     break 
%                 elseif q < npoints-1 
%                     q=q+1; 
%                 else 
%                     search = 1; %end fairness policy 
%                 end 
%             end 
%             if search == 1 
%                 old = current; 
%                 current = randi(npoints,1); 
%                 if ((distance(current,old))/vd > (period - p)) 
%                     current = old; 
%                 else 
%                     travel = distance(current,old)/vd; 
%                 end 
%             end 
        %% Fairness Policy 4- Best Data Rate 
%             q=1; 
%             while search == 0 
%                 old=current;             
%                 if V(tpath(enumpath,q),1)==0 
%                     current = tpath(enumpath,q); 
%                     V(tpath(enumpath,q),1) = 1; 
%                     travel = distance(current,old)/vd; 
%                     break 
%                 elseif q < npoints-1 
%                     q=q+1; 
%                 else 
%                     search = 1; %end fairness policy 
%                 end 
%             end 
%             if search == 1 
%                 old = current; 
%                 current = find(rate_lambda == max(rate_lambda(:))); 
%                 travel = distance(current,old)/vd; 
%             end 
        %% Non-Fainress Greedy Plan (Maximum Throughput) 
%             z=1; % logic to stay at node if period left is greater than travel 
%             for  w=1:npoints 
%                 if ((distance(current,R(w,2)))/vd < (period - p)) && z==1  
%                     old=current; 
%                     current=R(w,2); 
%                     travel = distance(current,old)/vd; 
%                     V(current,1)=V(current,1)+1; 
%                     z=0; 
%                 end 
%             end 
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        %% Fairness Policy (Shortest path recursively until end) 
            q=1; % logic incorporated 
            while search == 0 
                old=current;             
                if V(tpath(enumpath,q),1)==0 
                    current = tpath(enumpath,q); 
                    if ((distance(current,old))/vd > (period - p)) 
                        current = old; 
                    else 
                        travel = distance(current,old)/vd; 
                        V(tpath(enumpath,q),1) = 1; 
                    end 
                    break 
                elseif q < npoints-1 
                    q=q+1; 
                else 
                    V=zeros(npoints,1); %reset visited 
                    V(old,1)=1;  
                    search = 1; %begin travel back 
                end 
            end 
            q=2; 
            while search == 1 
                old=current; 
                if V(tpath(enumpath,npoints-q),1)==0 
                    current = tpath(enumpath,npoints-q); 
                    if ((distance(current,old))/vd > (period - p)) 
                        current = old; 
                    else 
                        travel = distance(current,old)/vd; 
                        V(tpath(enumpath,npoints-q),1) = 1; 
                    end 
                    break 
                elseif q < npoints-1 
                    q=q+1; 
                else 
                    V=zeros(npoints,1); %reset visited 
                    current=1; 
                    travel = distance(current,old)/vd; 
                    V(1,1)=1; 
                    search = 0; %begin again travel forward 
                end 
            end                
        end 
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        %% Poisson Process Generation 
        if p ~= period %if the simulation is over, don’t generate for packet loss 

counter 
            for x=1:npoints 
                n=0; 
                t=-log(rand(1))/rate_lambda(x,1); %inverse of Poisson CDF (Inverse 

Transform Sampling) 
                while t < T 
                    t=t-log(rand(1))/rate_lambda(x,1); 
                    n=n+1; 
                    P(x,n)=t; 
                end 
                node_packet_count(x,1)=node_packet_count(x,1)+n; %count number of 

packets generated 
            end 
            travel=travel-T; 
        end 
    end 
    lost=lost+sum(node_packet_count); 
end 

 


