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Abstract

:

Internet of Things (IoT) nodes get deployed for a variety of applications and often need to operate on batteries. This restricts their autonomy and/or can have a major ecological impact. The core idea of this paper is to use a unmanned aerial vehicle (UAV) to provide energy to IoT nodes, and hence prolong their autonomy. In particular, the objective is to perform a comparison of the total energy consumption resulting from UAV-based recharging or battery replacement versus full provisioning at install time or remote RF-based wireless power transfer. To that end, an energy consumption model for a small license-free UAV is derived, and expressions for system efficiencies are formulated. An exploration of design and deployment parameters is performed. Our assessment shows that UAV-based servicing of IoT nodes is by far more beneficial in terms of energy efficiency when nodes at distances further than a few meters are serviced, with the gap increasing to orders of magnitude with the distance. Our numerical results also show that battery swapping from an energy perspective outperforms recharging in the field, as the latter increases hovering time and the energy consumption related to that considerably. The ecological aspects of the proposed methods are further evaluated, e.g., considering toxic materials and e-waste.
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1. Introduction


The introduction of the Internet of Things (IoT) has created the opportunity to develop a myriad of applications. The number of IoT edge devices that will be deployed is predicted to grow fast, from 5–10 billion in 2020 up to 200+ billion in 2030 [1]. However, installing and maintaining these countless devices can be cumbersome, if not impossible, if done manually. It is evident that, for an efficient deployment of these sky-high numbers, any dedicated installation or maintenance effort should be minimized. The ‘fire and forget’ credo, towards which recent IoT devices are aimed, does not properly consider the End of Life (EoL), especially since toxic materials (e.g., in batteries) can remain in nature and cause pollution. From an ecological point of view, it would be problematic if even a small percentage of these battery-powered devices were not recovered from the environment. Therefore, systems for automatic battery charging/replacement and commissioning are indispensable.



Solid technological advances in the IoT have focused on low-power communication and design [2]. This has led to the development of energy-efficient long-range wide-area networks (LoRaWANs), strict energy management, load switching to reduce standby/sleep currents, and the use of low-power Microcontroller Units (MCUs). The lifetime of battery-powered devices can be extended by applying low-power strategies such as ‘think before you talk’, going to sleep as much as possible, etc. [2]. Applying these strategies has its limits, especially for time-critical applications, which require more frequent measurements and communication. As a result, there is a need for human intervention to recharge or replace the battery, or even replace the complete IoT device.



Automation is required for an efficient maintenance of massively deployed IoT devices to ensure their longevity. Lessons learned from early IoT adopters [3] include the existence of a ‘skills gap’ between what is currently required to deploy and maintain IoT systems versus the abilities of maintenance people. Automation would eliminate the need for technical knowledge and save time and money. Moreover, an IoT network can be applied in a variety of environments that can be difficult to reach for humans, e.g., environmental monitoring of remote field sites. Locations such as these bring practical challenges, including physical installation and maintenance difficulties.



The challenges regarding the autonomy of IoT nodes and the overhead involved in manual interventions to recharge or replace batteries motivate the main idea and objective of this paper: to study the opportunities in utilizing unmanned vehicles (UVs) to increase the lifespan of IoT devices. We present three scenarios, for each of which the energy budget is analyzed. These include noncoupled wireless power transfer (WPT) technologies and UV-based solutions. We assess the energy budget for UVs that serve as mobile power banks and show that this approach can lead to a more sustainable integration. All these scenarios create, in theory, an infinite autonomy and, moreover, enable a reduction in manual labor for use cases that cannot rely on their own source of harvested green energy.



The remainder of this paper is structured as follows. Section 2 discusses the energy delivery scenarios and associated design and deployment assumptions. A model for the energy consumption of a UV has been adapted based on actual measurements. This model is then used in the quantitative study. The overall energy budget calculations for each energy delivery scenario are explained in Section 3. Section 4 compares the three solutions by calculating their respective performances. Sustainability gains are demonstrated in Section 5, and Section 6 concludes this manuscript.




2. System and IoT Node Architecture and Related Work


Higher autonomy of battery-powered embedded devices can be achieved by making better use of the available energy. However, adopting storage technologies with higher energy densities can also result in lifespan gains due to the availability of more energy. Lithium thionyl chloride (LTC) batteries with extremely high energy densities of around ≈ 1000 Wh/l are often selected.



If longevity proves insufficient, harvesting energy from environmental sources is often explored as an interesting solution. Solar, thermal, and mechanical sources with power densities up to   10 5  ,   10 3  , and   10 3   μW/m3, respectively [2], are often sufficient to cover the full energy consumption of the applications. Where these solutions cannot be implemented or when the autonomy is still too limited, the final option is a human intervention to recharge or replace the drained battery or the whole device. This is labor-intensive and leads to high maintenance costs and extra traffic on the road. To avoid intensive maintenance, this article evaluates novel techniques for extending the lifetime of IoT devices, comparing the following three options:




	1.

	
Using uncoupled wireless power transfer approaches such as laser power transfer or radio frequency (RF) power transfer to recharge the IoT node’s batteries. These techniques feature wireless power over longer distances combined with lower efficiencies compared with the coupled WPT techniques [4].




	2.

	
Engaging UVs deployed as a mobile power bank to charge batteries on-site.




	3.

	
Employing UVs acting as a technician to replace batteries autonomously.









Figure 1 shows the scenarios discussed in this article. To assess and compare system performance and clarify the benefits of each approach, design and deployment assumptions need to be made. Different types of UVs are available, e.g., unmanned aerial vehicle (UAV), unmanned ground vehicles (UGVs), or autonomous underwater vehicles (AUVs). This work focuses on a UAV. The UAV is expected to fly to the IoT applications and deliver the energy. We compare the radio frequency power transfer (RFPT) and UAV approaches departing or delivering from the same initial location, as illustrated in Figure 1. The distance between IoT node and both UAV charge station and the RFPT transmitter is assumed to be equal to the line-of-sight (LoS) distance. This work focuses on the remote charging of a single IoT node.



2.1. Uncoupled Wireless Power Transfer


We present a concise study of the effectiveness of lifetime enhancements of IoT nodes through uncoupled WPT techniques to serve as a reference for the UAV-based servicing options. In uncoupled systems, no magnetic or electrical coupling is present between the transmit and receive sides. The wireless power delivery happens over distances where the receiver is located in the far field of the transmitter. Moreover, it is feasible to power multiple devices at the same time, in contrast to coupled technologies. Uncoupled approaches fully rely on EM waves captured by the receiver device. In the literature, two technologies are distinguished to deliver power in the far field: RFPT and laser power transfer (LPT). In this comparative study, RFPT technology is considered, as it currently is the most convenient of the two in terms of requirements for an unobstructed path between transmitter and receiver.



The achievable distance using RFPT is restricted to some meters, due to the high path loss and limited sensitivity of the harvester circuits. This is further elaborated in Section 3.1. In most cases, such as with radio frequency identification (RFID) systems, this technology is selected with the aim of powering very low-energy-consuming nodes and rarely for substantially charging devices. The energy storage will rather consist of a storage buffer capacitor instead of a battery.



The main objective of our current study is to evaluate efficiency as a function of distance. Necessary assumptions are made in order to obtain quantitative estimations. The power output of the RFPT, specified as effective isotropic radiated power (EIRP), is limited to comply with regulatory European Telecommunications Standards Institute (ETSI) constraints [5]. Low-complexity models are used in a single-input single-output (SISO) configuration with a single-tone waveform, and a single frequency is considered. The power amplifier (PA) of the RFPT is assumed to have a fixed efficiency.



Related work. Recently, a lot of research has been conducted regarding waveform design to increase RF/DC efficiency [6] and multiband harvesting solutions [7] to increase harvested power. Distributed beamforming to increase the received power and coverage is investigated, a.o., in the European project REINDEER [8]. By coherent operation of the individual devices, a power spot at a certain location could be created. This RadioWeaves approach has already been introduced in [9].




2.2. UV with Charging Facility


Quite recently, approaches to energize nodes based on a UAV capable of transferring energy to an IoT node have been introduced. As such, this study aims to provide a proper estimate of UAV energy requirements in relation to the practical parameters, design choices, and various assumptions.



On site, the UAV should refill the application storage buffer with several hundred to thousands of joules of energy. Two scenarios can be assumed. The UAV first lands, then starts transferring charge (1), or hovers while delivering energy simultaneously (2). Both wireless and cable solutions would be available in these scenarios. Figure 2 summarizes the four procedures for transferring energy.



Providing a landing spot at every node is often not practical, hence this option is not further examined in this research. Charging during hovering offers more flexibility because no landing spot is required. Moreover, a wireless power transmission solution is opted for because of less stringent alignment constraints that do exist when using contacts. Article [10] already summarized the wireless power transfer approaches that could be implemented on a UAV. The fine-grained position system to align the node and UAV is out of the scope of this discussion. The underlined procedure in Figure 2 is elaborated in Section 3.2.



We further take into account the constraint of a small <250 g UAV, as for these no registration or training is required according to the European Union Aviation Safety Agency (EASA) [11]. The impact of wind and gusts in the UAV flight are neglected, and flights are considered to be performed at sea level.



Related work. Tiurlikova et al. [12] propose a UAV equipped with an inductive WPT link to charge LoRaWAN-enabled devices. Alternatively, Tiurlikova et al. [13] present a multi-UAV energy harvesting network with multiple UAVs transmitting energy to several nodes through RF links.



This article primarily focuses on the feasibility of UAV-based systems, with an emphasis on energy and achievable efficiency. Control of the UAV and routing (navigation and maintenance scheduling) algorithms, such as the ones elaborated in [14,15], are considered out of the scope of this paper.




2.3. IoT Energy Storage Replacement


In this scenario, we propose the replacement of the IoT battery by engaging a UAV. Here, the UAV will rather get the function of a packet delivery system, as described by, e.g., Pugliese et al. in [16]. The main difference is the payload consisting of an energy storage buffer that is mechanically and electronically compatible with the IoT battery slot, instead of a packet. The constraint of a 250 g UAV still applies, thus limiting carried weight. Similar to the option described in the previous section, a distinction between landing and hovering can be made. We further assume the worst-case scenario in terms of energy consumption, i.e., the UAV hovers during the swapping process. So, the UAV flies to the IoT location autonomously and swaps a battery of similar weight. The extra UAV power consumption related to the additional weight is taken into account in the model parameters in Section 2.4. The analysis is elaborated in Section 3.3.




2.4. UAV Energy Consumption Model


Scenarios 2 and 3 from Figure 1 require a UAV to transfer the energy. To properly estimate the overall energy in Section 3, the energy consumption of the self-constructed UAV, depicted in Figure 3, is needed. To obtain representative estimates of the power consumption and enable analysis and optimized system design and operation, a mathematical model is derived. This model for the power consumption should at least incorporate the impact of the weight (including payload) and speed of the UAV.



Related work. Previous research has shown that UAVs are difficult to model because of the large number of parameters and variables involved. A comprehensive analysis by Zhang et al. [17] present multiple solutions to model the UAV power consumption. In their work, the authors define four categories of parameters that influence the power drawn from the UAV battery: UAV design, the environment (flight conditions), UAV dynamics, and delivery operation. Furthermore, Zhang et al. [17] describe five fundamental models for steady-level flight. Some energy consumption models, such as the one by Dorling et al. [18], ignore the impact of a UAV’s speed on its energy consumption. Other models, such as the work of Ferrandez et al. [19], apply to much heavier UAVs, making them less representative for the use-case considered in this manuscript. Regression based on field trials may also be used to estimate UAV power consumption; however, this eliminates the flexibility of later changing, e.g., the payload weight. The model of Kirschstein [20] is the most comprehensive model and considers component-based parameters of the UAV. The parameters in a UAV component model are obtained by decomposing several individual forces of the UAV and describing them by separated models. The extended model from Kirschstein [20], based on previous research described in [21], estimates multiple constants from a set of equations, provided further in this paper, by conducting three experiments. The latter model considers vertical speed and airspeed combined with the total weight (incl. payload). The survey of Zhang et al. [17] shows that avionics power constitutes a significant share of the total consumption, especially in smaller UAVs. Our proposed model for the tiny, lightweight (170 g) UAV of Figure 3 should hence take into account avionics power, which is essentially the current draw of the onboard components without active motors. A more comprehensive analysis of UAV models is beyond the scope of this paper.



We hence based the UAV power consumption analysis on the model of Liu et al. [21], supplemented by the missing avionics power. This study assumes the UAV will be in steady-state flight most of the time, yielding zero net acceleration. The flight path of the UAV generally consists of a steady-state ascent, followed by a forward flight, and finally a descent. The total power   P  uav    drawn from the battery is decomposed into 4 components (Equation (1)) and is impacted mainly by the total mass m, the vertical and horizontal speed   V ver   and   V hor  , and the thrust T, representing the amount of upward force that the UAV is able to generate: the induced power   P i   (Equation (2)), profile power   P p   (Equation (3)), parasitic power   P par   (Equation (4)), and avionic power   P avio  . The induced power provides thrust by pushing air downwards, the profile power overcomes the rotational drag encountered by the rotating propeller blades, and the parasitic power accounts for the air drag generated in forward motion. In this model, the impact of wind is neglected, so that the airspeed equals the ground speed, denoted as   V hor  . The total trust T is represented by Equation (5), with  α  the angle of attack, m the total mass, and g the gravitational acceleration.


      P uav  =  P avio  +  P i  +  P p  +  P par      



(1)






      P i   ( T ,  V vert  )  =  k 1  T    V vert  2  +       V vert  2   2  +  T  k 2 2          



(2)






      P p   ( T ,  V hor  )  =  c 2   T  3 / 2       



(3)






      P par   (  V hor  )  =  c 3   V  hor  3      



(4)






     T =     m g −  c 4     V hor  cos α  2   2  +    c 3   V  hor  2   2        



(5)







The UAV of Figure 3 consists of four brushless DC (BLDC) motors controlled by the onboard electronic speed controllers (ESCs) of the Toothpick F722 flight controller. The STM32F722 MCU on the flight controller board contains modified firmware to send out relevant data through the telemetry output via a Bluetooth point-to-point connection. A Python script receives the Bluetooth messages and stores them to estimate constants in postprocessing. The simplex communication from UAV to a computer includes information on battery voltage, power consumption, flight altitudes, vertical and horizontal speed, accelerations in XYZ directions, the angle of attack, yaw–pitch–roll angles, etc.



Depending on the environment, flight times can differ significantly. For example, less lift is produced for the same amount of energy in hot air because it is less dense than cold air. Similarly, lift decreases when increasing in altitude, or if humidity increases. The type of flying will also impact the flight time. Flight control algorithms which let the UAV fly as smoothly as possible are recommended, as they will yield the longest flight time.



2.4.1. Completing the Proposed Model


To derive the model constants   {  k 1  ,   k 2  }   and   {  c 1  ,   c 2  ,   c 3  ,   c 4  }   from Equations (2) to (5), a total of three experiments in steady-state are required (the constant   c 1   is defined as    k 1   k 2   ).



Experimental Measurement 1: Hovering UAV with Payloads


First, a hovering experiment with different calibrated payloads   m payload   is conducted, resulting in different average power consumption. Both the horizontal (  V hor  ) and vertical speeds (  V vert  ) are zero, thus the relation between power and weight during hovering can be written as Equation (6).


   P  uav , hover   =  P avio  +  (  c 1  +  c 2  )    ( m g )   3 / 2    



(6)







The measured avionic power (  P avio  ) (i.e., power when UAV is active but not flying) equals 10.6 W. The data points are scattered, as shown in Figure 4a, and the relations for the constants are estimated by the least squares (LS) fit via Equation (6) and gives    c 1  +  c 2  = 12.88  .




Experimental Measurement 2: Vertical Movements


Second, the power consumption was measured and averaged during ascent and descent at a constant vertical speed to heights of up to 50 m. Multiple repeated descents and ascents yielded four data points, where the vertical velocity   V vert   is constant.   C o s  α   and accelerations in the horizontal UAV axes were not allowed in these measurements, meaning that the horizontal speed (  V hor  ) equals zero, and so the thrust T equals   m g  . Equation (7) shows the corresponding formula for the vertical power. Here,   c 2   can be replaced by   12.88 −  c 1    and   k 1   by    k 2   ·   c 1   . Table 1 contains the parameters extracted from the LS fitting. The fitting was performed with five data points, two data points for ascending and two for descending, along with the energy consumption during hovering.


   P  uav , vertical   =  k 1  m g    V vert  2  +       V vert  2   2  +   m g   k 2 2      +  c 2    ( m g )   3 / 2    



(7)








Experimental Measurement 3: Steady-Level Flight


Last, to calculate flight forward power, the UAV is flown forward at a number of constant speeds. Data points taken during high accelerations (i.e., at speed transitions) are neglected. Figure 4b shows the measurement data and corresponding least squares fitting. Equation (8) depicts the resulting formula. Since no useful angle of attack data could be extracted from the UAV measurements,   c o s  α   is assumed equal to 1. By fitting our model parameters to the resulting data, the UAV power consumption model is considered accurate enough for our purposes. The fitting here includes the cosine dependency in the model parameters, more specifically   c 3   and   c 4   of Equation (8).



To improve model parameters, outliers were removed. The final model parameters derived for the tiny UAV focused on are summarized in Table 1.


   P  uav , horizontal   =  (  c 1  +  c 2  )        m g −  c 4     V hor  cos α  2   2  +    c 3   V  hor  2   2      3 / 2   +  c 3   V  hor  3   



(8)









2.4.2. Optimal Energy Per Meter


In the proposed UAV model, an optimal propulsion speed exists to minimize the amount of energy per meter (  E  p m   ). This phenomenon occurs as a large amount of hovering energy is supplemented by only a fraction of this hovering energy related to speed, and it is illustrated in Figure 5. In normal conditions, the mass is 170 g, and an optimal speed of   19.5    m / s  will result in an   E  p m    of   3.7    J / m . The most efficient flight forward speed will shift to higher values as the weight of the UAV increases. In the following Section 3.2 and Section 3.3, the optimal speed for the corresponding UAV weight is taken as actual value in the calculations.




2.4.3. Travel Energy


The UAV flies to the location via a given path with a total energy consumption of   E  uav , travel   . The path can be divided into ascent, forward flight, and descent, corresponding to energy quantities   E  uav , ascent   ,   E  uav , ff   , and   E  uav , descent   , respectively. Before the horizontal movement is initiated, the UAV rises at a velocity   V vert   to a predefined altitude   h 1  , it then flies horizontally to the location to subsequently descend to an altitude   h 2  . During horizontal displacements, the equations assume the shortest distance to move from the initial location to the IoT node at a horizontal velocity   V hor   over a distance d. The second vertical displacement to the nodes location at height   h 2   amounts to    h 1  −  h 2   . Moreover, the total mass of the UAV m is included in the travel energy. The formula accounting for the different parts of the path is shown in Equation (9) and uses the formulas of the UAV model from Section 2.4.


      E  uav , travel    (  h 1  ,  h 2  ,  V vert  , d ,  V hor  , m )  =     P uav   (  V vert  , m )   ·    h 1   V vert    ︸   E  uav , ascent    +     P uav   (  V hor  , m )   ·   d  V hor    ︸   E  uav , ff          +     P uav   ( −  V vert  , m )   ·     h 1  −  h 2    V vert    ︸   E  uav , descent        



(9)










3. Models for Energy Provisioning


The scenarios explained above are elaborated here with the aim of indicating how much energy is required under different conditions, such as energy needed on the IoT side, distance to the base station, etc.



3.1. Powering IoT Devices with RFPT


An RF transmitter sends electromagnetic energy as radio waves to the receiver antenna. The received power is converted to electrical energy. The system successively contains, from transmitter to receiver (from left to right in Figure 6), a waveform generator, a pa, an impedance matching circuit, two antennas, a secondary tuning network, a rectifier, a charge pump, and most often a maximum power point tracking (MPPT) DC/DC converter. Each element causes losses, which are included in the analysis and depicted in Figure 6.



Equation (10) combines all efficiency contributions to the total RFPT efficiency   η rfpt  , with   η pa   the pa efficiency,   η t   the transmit antenna efficiency,   η w   the wireless link efficiency,   η r   the receive antenna efficiency,   η rec   the rectifier efficiency, and   η reg   the DC/DC conversion efficiency. The wireless link efficiency includes path loss, antenna gains or directivity, and potential polarization mismatch losses. Typically, the path losses are responsible for the highest loss contribution in a radio frequency power transfer system.


   η rfpt  =  η pa   ·   η t   ·   η w   ·   η r   ·   η rec   ·   η reg   



(10)







3.1.1. Required Effective Isotropic Radiated Power


An expression is needed for the required EIRP for a given distance. Since EIRP represents the power just after the transmit antenna, the   η pa   and   η t   from 10 can be temporarily omitted and briefly addressed in Section 3.1.3. Expressions for the remaining efficiencies   η w  ,   η r  ,   η rec  , and   η reg   are needed in this elaboration. The wireless link efficiency,   η w  , mainly depends on the distance and the carrier frequency. The reflection coefficient of the receiver antenna is given by   η r  . This antenna delivers RF energy to the harvester circuit. The harvester is responsible for converting the RF energy to direct current (DC) energy, where   η r   and   η rec   depend to some extent on the amount of incoming RF power. To find a relation between transmitted RF power and received DC power, some assumptions are made. In this analysis, we consider a SISO system without beamsteering or beamforming capabilities.



The transmission formula of Friis, depicted in Equation (11), gives the expressions for efficiency parameters   η t  ,   η w  , and   η r  , with    |   Γ t   |    and    |   Γ r   |    the matching loss at transmitter and receiver, respectively, d the distance between them,   G t   and   G r   the antenna gains, and  λ  the wavelength. Thus,    P t   ·   G t   ·    1 − |   Γ t    |  2    ·     ρ t   2    is equal to the EIRP. Consequently, the received power   P r   [dBm] depends on the distance, wavelength, EIRP, and the receiver antenna gain, as formulated in Equation (12), expressed as dB-values. Furthermore, this assessment assumes no polarization losses    ρ t  =  ρ r  = 1   and no matching losses    |   Γ t   | = |   Γ r   | = 0   .


    P r   P t   =     1 − |   Γ t    |  2   ︸   TX  matching   η t        1 − |   Γ r    |  2   ︸   RX  matching   η r           λ  4  π  d    2    G t    G r       ρ t   ·   ρ r   2  ︷   Polarization  loss    ︸   Path  loss  η w     



(11)






   P r  = E I R P +  G r  − 20 log    4 π d  λ    



(12)







To obtain a realistic estimate of the remaining conversion losses, a state-of-the-art energy harvester circuit is selected. The AEM40940 evaluation module can provide efficient DC power based on fluctuating input power using an MPPT algorithm. In summary, it can charge batteries and capacitors with RF energy and integrates a matching circuit, rectifier, and DC/DC converter [22].



The datasheet of the AEM40940 RF energy harvester provides a comprehensive discussion on the features of this IC. In addition, it includes performance curves relating the overall efficiency to the incoming RF energy. The overall efficiency is defined as the ratio of the DC power available at the output of the internal boost converter (set to 4.5 V) and the RF power at the input of the matching circuit (  P in  ). The data are presented for multiple operating frequencies (867 MHz, 921 MHz, and 2.4 GHz), extracted from the datasheet [22] and transformed to the relation between the input RF energy and the DC output power (  P  dc , out   ). The raw data points and the fitted relation are shown in Figure 7.



A third-degree polynomial fitting, as formulated in Equation (13), results in values   a = 8.45 ×  10  − 5    ,   b = 3 ×  10  − 3    ,   c = 3.84 ×  10  − 2    , and   d = 2 ×  10  − 1    .


   P  dc , out    [ m W ]  = a  ·   P  in  3  + b  ·   P  in  2  + c  ·   P in  + d  



(13)







We calculated the required EIRP as a function of distance and delivered DC power by combining Equations (12) and (13) with    P  i n   =  P r   . Figure 8 shows the relationship for output powers 10, 50, 100, 500 uW, and 1 mW. A working frequency of 868 MHz and half-wave dipole receiver antenna with a gain of 2.15 dBi are assumed. The former frequency was chosen due to its lower path loss compared with 2.4 GHz and because of fewer regulatory limitations on emitted power.




3.1.2. Regulatory Restrictions


The harmonized ETSI standard ETSI EN 302 208 discusses the radio frequency identification equipment restrictions. The equipment can operate in the 865 MHz to 868 MHz band with power levels up to 2 W and in the 915 MHz to 921 MHz band with power levels up to 4 W [5]. The levels, detailed in the standard, are expressed in effective radiated power (ERP). When using a half-wave dipole antenna, the EIRP is 2.15 dB higher than the corresponding ERP value. In conclusion, 38.15 dBm EIRP is the maximum power level allowed that can be lawfully emitted in this Industrial, Scientific and Medical (ISM) band. This limits the maximum distance when a certain DC power is required at the receiver. Figure 8 depicts the required EIRP power as a function of the distance and Table 2 shows the maximum distances for varying receive powers.



Techniques such as beamforming give a more directive beam but will not directly increase the operating distance. The reason is that the EIRP limit still applies. However, it is important to note that the antenna beamwidth can affect the EIRP values. As stated in [5], keeping the beamwidth within certain limits, results in higher permissible transmit power. The antenna beamwidth can be shaped by selecting patch antennas or implementing beamforming with multiple antennas.




3.1.3. Power Amplifier


The preceding analysis omitted the pa losses. This component has a significant contribution to the total RFPT losses and should be included in efficiency analyses. Power amplifiers ensure amplified modulated signals. These circuits are connected to, and matched with, the transmit antenna. RFPT requires only an amplified single-tone signal, without modulated signals, connected to the transmit antenna. An amplified high-frequency sine wave can be generated via different circuits, each coming with their corresponding maximum achievable efficiencies.



Three types of efficiencies for power amplifiers are used in the literature [23]: the drain efficiency (DE), power-added efficiency (PAE) and   η overall  . In this paper, the drain efficiency DE suffices, meaning the RF output power   P  RF , out    divided by the input DC power   P  DC , in   , represented in Equation (14), also denoted as PA efficiency (  η pa  ).


   η pa  = D E =   P  RF , out    P  DC , in     



(14)







The overall RFPT efficiency is further formulated in Section 4.1.1.





3.2. Energy Delivery to Battery-Powered Devices


A UAV can be used to provide power to IoT nodes. The total UAV power consumption is primarily determined by three factors:




	1.

	
UAV flight and avionics consumption is a combination of hovering, ascending, descending, and steady-level flight energy. The model for the UAV is detailed in Section 2.4. The total energy consumption to fly to the node’s location and vice versa is called the total travel energy and is given in Section 2.4.3.




	2.

	
The selected energy storage at the IoT node determines the charge rate and the amount of power transmitted to the node. A brief overview is given in Section 3.2.1.




	3.

	
Power transfer technology between the UAV and IoT node imposes additional constraints on the system, such as limited distance between WPT-transmitter and receiver, efficiency, losses, and maximum transferable power, as discussed in Section 3.2.2.









3.2.1. Energy Storage Selection


In applications, an IoT node is typically designed with a certain autonomy in mind. Even if a UAV-based approach is pursued, it is not practically feasible that batteries need to be recharged too frequently. Therefore, the storage technology must have a certain capacity to last several weeks/months on a single charge, and the battery charge time should be as short as possible, since the UAV is hovering in the meantime. In this article, three different types of rechargeable battery compositions are suggested for use in embedded devices. The three storage solutions, i.e., electrostatic double-layer capacitors (EDLC), lithium titanate (LTO), and lithium-ion capacitor (LIC), are compared in the spin diagram in Figure 9. These EDLC, LIC, and LTO cells can be charged much faster than conventional lithium cells, for which lithium cobalt oxide (LCO) is the most common composition [24,25]. This is a critical aspect in the proposed approach to avoid long hovering times.



One of the most crucial parameters during the selection of the storage solution is the self-discharge. We are carrying out a long-term experiment tracking self-discharge, as depicted in Figure 10. The results clearly indicate that EDLC cells have an excessive self-discharge rate. They are therefore not considered further.



The remaining options are further compared. Figure 9 shows that LTO or LIC chemistries come with reasonable volumetric energy densities while having very low internal resistance and high charge rates. Both technologies were charged at the maximum speed as advised in the manual and represented in Figure 11. An LTO battery with a measured capacity (KORAD KEL103) of 66.3 mAh is charged according to a constant current (CC) constant voltage (CV) method. With a 663 mA (10 C) charge current and a 2.8 V maximal voltage, the battery state of charge (SoC) rises to 90% after 6 min, corresponding with 581 J stored energy. Similarly, the charging process of the LIC cell with a capacity of 50 F was measured. With a charging current of 2.8 A and a maximum voltage of 4.2 V [26], it took approximately 2.6 to achieve a SoC of 90%, corresponding with 472 J stored energy. The charge power of the LTO cell is more constant in time compared with the LIC cell. LIC cells initially charge faster, resulting in the need for high current peaks. Charging components have to be dimensioned according to the higher peak current, as possible, with the fast-charging LIC cells. This can result in a higher bill of materials (BOM).



We further define the SoC at the start of the charging process as   S o  C initial    and the SoC at which charging is terminated as   S o  C target   . A cut-off current, as defined in the manual, is used to determine the end of the charging process, i.e., at a 100% SoC. The time to achieve a fully recharged cell is rather high compared with the time to achieve a 90% SoC, since the amount of stored energy per unit time decreases when approaching a 100% SoC. Figure 11 also depicts this charging rate decrease.



Furthermore, the initial or remaining SoC has a positive impact on charge time but is not advantageous to the amount of transferred energy. For example, for the LTO cell, the time in CC-mode will decrease if   S o  C initial  >   0%. The average amount of stored energy per unit time will become lower. In short, it is better that the IoT cell is sufficiently discharged at the time the UAV comes to deliver energy.



LTO technology is further assumed to be implemented in the IoT devices for the following key reasons: the fast charge time in combination with the low self-discharge and the relatively high energy density.




3.2.2. Energy Transfer Link


The survey in [4] summarizes the wireless power transmission technologies, subdivided in coupled and uncoupled approaches. The latter allows higher operating distances compared with the coupled technologies. Due to restrictions in radiation levels of both light and RF sources, LPT and RFPT systems are not suitable to quickly recharge the IoT energy storage. In addition to uncoupled technologies, the coupled approaches such as capacitive power transfer (CPT) or inductive power transfer (IPT) need a very strict alignment method. In the scenarios considered in this article, strong alignment is difficult to achieve, and thus the CPT and strongly coupled IPT systems are not good choices to transfer the energy. An inductive system with both receiver and transmitter in resonance, i.e., Magnetic Resonance Coupling (MRC), provides the most appropriate solution. IPT systems operate with highly coupled and aligned coils (coupling factor k > 0.3 [27]). MRC systems, on the other hand, can operate on coupling factors below 0.1, giving these resonant systems more spatial freedom and better handling of fluctuations in k values. MRC is based on two coils tuned to the same resonance frequency, in which, even at low coupling factors, high link efficiencies can be achieved. The amount of power required through the link will range from a few 100 mW to several watts, which is transferable with MRC systems.



To accomplish further analysis in Section 3.2.3, an assessment of the efficiency of the WPT system is performed. The transmitter PCB coil fits with the proposed UAV frame of Figure 3 with dimensions 145 by 165 mm and a total of two windings. The receiver PCB coil has four windings and dimensions of 100 by 100 mm. Via Ansys Maxwell finite element analysis, self-inductances (   L 1   L 2   ), series resistances (   R 1   R 2   ), and mutual inductance (M) between the coils are obtained. The configured frequency is set to 6.78 MHz, as also used by the Airfuel Alliance Resonance [28]. The coupling factor (  k mrc  ) is calculated with Equation (15).


   k mrc  =  M    L 1  +  L 2      



(15)







Based on the coupling factor, the maximum link efficiency (  η mrc  ) can be calculated using Equation (16) [29], where   Q T   and   Q R   are the quality factors of the transmit and receive coils, respectively. This assumes the most optimal load on the receiver side. If the receiver circuit is not loaded with the optimal resistance, the link efficiency decreases. Additional analysis assumes an optimal load.


   η mrc  =    k  mrc  2   Q T   Q R    1 +  k  mrc  2   Q T   Q R     



(16)







We conducted finite element simulations for two vertical misalignments of 100 mm and 150 mm. Lateral misalignment is being neglected, and angular misalignment is minimal, because the UAV coil is located parallel to the receiver coil during hovering at the node’s location. The results are shown in Table 3.



The simulations show that the maximum link efficiency will achieve percentages of 50% or more for the selected coils at distances of up to 150 mm. Additionally, the total efficiency of the WPT system (  η wpt  ) is composed of several other individual component contributions, such as the preamplifier (  η  pre − amp   ), power inverter (  η inv  ), rectifier (  η rect  ), and battery charger (  η smps  ). The   η wpt   efficiency is stated in Equation (17).


   η wpt  =  η  pre − amp    ·   η inv   ·   η mrc   ·   η rect   ·   η smps   



(17)







It would take the reader too long to elaborate on all components of an MRC system individually. We assume low losses in the remaining components. Due to new technologies such as GaN FETs, high efficiencies (>0.9) in DC/AC inverters and DC/DC converters are feasible. In the further analyses, we assume a total efficiency   η wpt   of 50%. While we so far only discussed the efficiency of a WPT system, evidently, limitations in energy transfer due to component selection also exist.




3.2.3. Limitations of IoT Storage Capacity


A first analysis investigates the maximum size of the IoT storage capacity. The capacity cannot be selected as infinitely large, since the UAV would have to hover for a very long time to transfer energy to the node. Furthermore, the available energy of the UAV is limited to the selected UAV battery capacity, which consequently translates to limitations in the size of the IoT storage capacity. For the IoT storage buffer, we assume a 90% charge after each intervention. The nodes are reloaded from an initial SoC of 0% to the target SoC of 90%.



The analysis is performed for the UAV in Figure 3 weighing 170 g with a battery capacity of 9.62 Wh. The distance between departure and arrival location is given by d and can be gradually increased to test the limits of this setup. The optimal speed from Section 2.4.2, here named   V hor  , is 19.5 m/s. It is further assumed that the UAV flies to 50 m (  h 1  ) altitude at the departure location and hovers to 10 m (  h 2  ) altitude at arrival. In both cases, the vertical speed is set at 10 m/s (  V vert  ). These proposed parameters allow the UAV travel energy, explained in Section 2.4.3, to be calculated.



In this example, an LTO cell is charged at the node’s location. We assume, the charge process follows a simplified linear model. Mei et al. [30] already measured the charge time for LTO cells related to different C-rates as being the rate at which a battery can be charged relative to its capacity, specifically in CC-mode. The charging time (in CC-mode) decreases from 27.5 min to approximately 6 min when changing the charge rate from 2 C to 8 C, respectively. As shown in Figure 11, the charging curve proceeds linearly to about 90% SoC. In our measurement, the maximum C-rate is set to 10 C. The maximum charge rate may vary depending on the brand of LTO cell selected [31,32].



We assume a UAV equipped with an inductive transmitter system with an efficiency of 50%, as explained in Section 3.2.2. The WPT link is limited to a certain transfer power   P  ch , max   . This analysis assumes a received power of 1 W. Based on the received power, the C-rate can be determined via Equation (18) together with the battery capacity   E node  . The analysis additionally limits the maximal C-rate to 10 C.


   C rate  =   P  ch , max    E node    ·  3600 ≤ 10  C  



(18)







Based on the parameters such as the output power sourced from the WPT receiver, the target SoC, and lastly the size of the IoT storage, an estimate of the charge time   t  c h    can be found according to Equation (19).


   t  c h   =  3600  C rate    ·   ( S o  C target  − S o  C initial  )   



(19)







The total energy   E  uav , overall    required for an intervention can be calculated with Equation (20) and is subdivided into three parts:




	1.

	
The travel energy   E  uav , travel    from Equation (9) for the outward and return flights. We multiply the traveling energy by two. Although, if   h 1   and   h 2   are different, there is a small deviation between the outward and return travel energy present. This small deviation is neglected here.




	2.

	
The hovering energy   E  uav , hover   , which depends on the charge time and hovering power from Equation (6).




	3.

	
The total amount of energy consumed by the WPT transmitter   E  wpt , transmitter   , with   η  wpt    the efficiency determined by the energy delivered by the UAV battery relative to the energy stored in the node.











   E  uav , overall   = 2  ·   E  uav , travel    (  h 1  ,  h 2  ,  v v  , d ,  v h  , m )  +     t  c h    ·   P  uav , hover    ︸   E  uav , hover    +      (  η wpt  )   − 1    ·   E  IoT , storage    ︸   E  wpt , transmitter     



(20)







Figure 12 shows the total energy requirement related to the size of the IoT battery for multiple distances. Taking into account the considered boundary conditions, the selected UAV will be able to recharge a storage of ≈ 900 J over a distance of 500 m.



The slope remains rather flat for smaller IoT batteries, due to the charge rate limitation of the chosen battery composition, in this case, 10 C for the LTO cell. A lower travel distance logically provides the opportunity to transfer larger amounts of energy and consequently store higher quantities of energy. In contrary, at increased distances, limitations in storage sizes will arise due to UAV battery capacity limits, indicated by the dotted line. Based on this graph and the daily consumption of the application, the autonomy of the IoT device can be determined. Subsequently, the number of yearly interventions can be calculated.




3.2.4. Duration of an Intervention


Figure 13 gives an estimate of the total intervention duration. The calculation accounts for the UAV battery capacity limitations, resulting in finite curves when battery capacity is insufficient. Remarkably, longer fly times can occur for shorter travel distances (e.g.,   d =     0.5   km) with the same UAV battery capacity. In that case, most of the intervention time is attributable to the node’s charging process and not due to travel time, since this is constant for each distance. This analysis was performed under the same conditions used in Figure 12.





3.3. Swapping Embedded Batteries


In this third scenario, we consider a UAV capable of replacing the IoT node’s battery. Rechargeable battery compositions make sense to use for environmental reasons, as elaborated in Section 5. non-rechargeable batteries can also be used for battery swapping, although their lifespan is much shorter than that of rechargeable batteries, which can be reused many times. For the actual energy calculations in this analysis, it is irrelevant whether the battery is rechargeable or not. The properties of the selected battery composition are more important.



Batteries with high weight energy densities are recommended here. These battery types are usually charged by means of lower C-rates than, e.g., the already discussed LTO, LIC or EDLC compositions. These higher storage capacities can, on the one hand, enable applications with higher energy needs or, on the other hand, increase autonomy. The latter consequently also reduces the number of UAV interventions. The drained batteries can be recharged at slow C-rates in the same place as the UAV battery, since there is no need for the recharging to happen on-site. Table 4 lists some commonly used batteries and shows the nickel cobalt aluminum (NCA) battery composition will provide the best weight energy density.



Other important parameters, such as self-discharge, sustainability aspects, life cycle assessment (LCA) of the batteries, shelf life, etc., are neglected here. These factors may impact the rudimentary choice to select for the highest weight energy density. Section 5 discusses briefly the environmental impacts of these different battery types.



This approach poses mainly practical implementation challenges, such as the implementation and design of the swapping mechanism. Existing work has already investigated battery-swapping mechanisms, more specifically, the replacement of a UAV battery [38,39]. Similar implementations can be explored to replace the IoT node’s battery. Ultimately, this process must take place autonomously, whereby the efficiency highly depends on the replacement time (  t replacement  ), i.e., the time to complete the battery-swapping process. The battery should be easily detachable from the system or perhaps connected contactlessly to provide a smooth replacement. For the purpose of this paper, we neglect the mechanical difficulties of the battery-swapping system and focus on the energy reloading capabilities and efficiency.



The previous Equation (20) can be adapted to Equation (21) to estimate the overall energy consumption in the battery-swapping operation. Note that the added weight of the battery (  m payload  ) to the UAV weight (  m uav  ) will have a significant impact on the results. Several assumptions are made to estimate the UAV power consumption. The model from Section 2.4 is used, and the UAV is considered to travel at the weight-dependent optimal speed, as calculated in Section 2.4.3. A very cautious estimate of 60  s , i.e.,   t replacement  , for a battery swap is assumed. In terms of weight, both outbound and return flights carry the same payload.


      E  uav , overall   = 2  ·   E  uav , travel    (  h 1  ,  h 2  ,  v v  , d ,  v  h , o p t i m a l    (  m  uav   +  m payload  )  ,  m  uav   ,  m payload  )        +     t replacement   ·   P  uav , hover    (  m  uav   +  m payload  )   ︸   E  uav , hover        



(21)







Figure 14 depicts the UAV energy needs for varying payloads and servicing distances. The UAV can carry a maximal payload of 80 g, and the selected battery contains a maximum usable energy of 34.63 kJ. These restrictions are represented by the green shading in the figure. For example, taking into account the discussed assumptions with a 20 g IoT battery and a travel distance of 2 km, a UAV energy of approximately 20 kJ is required to perform the task.





4. Comparative Survey and Results


This section evaluates the three scenarios based on figure of merit (FoM) parameters, complemented by a comparative discussion. It further investigates whether the results can be improved by selecting other types of UAVs.



4.1. Figure of Merit Analysis


To provide a means to assess the advantages of the scenarios introduced in Section 3, this section makes a comparison and defines a FoM. We first briefly summarize how the scenarios differ from each other.



	(S1)

	
Section 2.1 describes an RFPT SISO system. Since this can theoretically be switched on indefinitely, and hence time is not an issue, the power consumption is the main focus. The efficiency   η rfpt   is calculated through the relation between DC output power and DC input power.




	(S2)

	
Section 3.2 rather concentrates on providing energy on site. The efficiency   η delivery   is defined by the stored energy in the IoT device related to consumed UAV energy.




	(S3)

	
The approach, explained in Section 3.3, requires another FoM calculation to evaluate the performance. The UAV with battery-swapping capabilities transports energy based on a separate energy storage medium, i.e., a reusable battery. The energy efficiency here no longer depends on how efficiently the UAV’s battery is used but rather on the amount of energy delivered compared with the amount of initial energy. This initial energy is made up of the combined capacities of the carried and UAV batteries.







4.1.1. Radio Frequency Power Transfer Efficiency


The models from Section 2.1 defined the RF transmit power to get a certain amount of DC power on the receiver. Efficiency is quantified based on these estimates. In order to describe the RFPT overall efficiency, a realistic nonideal PA is assumed. Examples from Johansson and Fritzin [40] show that PAs can achieve drain efficiencies of up to 77% for power outputs above 31 dBm. The results depend on the distance and, to a lesser extent, the required receiving power. The efficiency is illustrated in Figure 15. It is important to notice that all efficiency values <0.1%, while only ranges lower than 5 m are considered for this scenario.




4.1.2. UAV as Mobile Powerbank: Overall Efficiency


The overall efficiency   η  uav , charge    is a straightforward extension of the previous analysis and can be determined by Equation (22).   E  uav , overall    is elaborated in Section 3.2 and consists of the travel energy for outward and return flights, combined with the hovering energy while charging, as well as the energy consumed in the WPT transmitter.   E  n o d e    is the energy received at the IoT node.


   η  uav , charge   =   E node   E  uav , overall     ·  100  %  



(22)







Figure 16 presents the overall efficiency related to the storage capacity of the IoT device. On the one hand, tiny IoT storage capacities logically result in lower efficiencies. On the other hand, oversized IoT storage capacities result in a situation in which no solution for the overall efficiency can be found. This is due to limitations in UAV battery capacity. The required energy (travel energy, hovering energy and UAV transmitter energy) exceeds the battery capacity, leading to an incalculable efficiency. Note that at the end of the curve, the UAV battery is fully utilized.



The dotted lines represent estimates of the UAV equipped with a dual battery. Obviously, this extra weight causes an increase in hovering energy. Therefore, the overall efficiency decreases for similar distances, despite the fact that the IoT storage capacities may increase. This is represented in the graphs of Figure 16.



A brief analysis of the parameter impact on overall efficiency is essential here. Consulting Equation (22) reveals that primarily   P  ch , max    strongly influences the overall efficiency. More specifically,   η  uav , charge    increases by a factor of ≈7, if the   P  ch , max    increases from 1 W to 10 W. In addition, variations in WPT efficiency could also influence the overall energy efficiency and show to have a higher impact when   P  ch , max    is large. For example, the variation from 10% to 50% WPT maximum achievable efficiency at   P  ch , max    of 1 W and a travel distance of 1000 m indicate an increase from 1.7% (   E node  =   615 J) to 2.1% (   E node  =   754 J). A   P  ch , max    of 10 W for similar travel distance provides an increase in   η  o v e r a l l    from 4.2% (   E node  =   1487 J) to 14.1% (   E node  =   5005 J).




4.1.3. Swapping IoT Batteries: Overall Efficiency


To evaluate this third scenario, the efficiency (  η  uav , swap   ) in Equation (23) is determined here, now in a slightly different way. Since the delivered energy is not extracted from the UAV battery, the carried energy must be included in the denominator.   E  uav , overall    equals Equation (21), which amounts to two times the travel energy, along with the hover energy during the swapping process.


   η  uav , swap   =   E node    E  uav , overall   +  E node     ·  100  %  



(23)







The efficiency is a function of the payload and depends heavily on the weight energy density of the battery technology. An NCA battery is assumed to be swapped in this graph. As shown in Figure 17, the curves increase when heavier batteries are selected. It is unrealistic to assume that the payload exceeds the weight of the UAV multiple times. As mentioned earlier, we consider a UAV of 250 g, implying a residual maximal payload of 80 g. Figure 17b shows the adapted curves, when the UAV’s battery is doubled. In the latter case, the payload is limited to 21 g.





4.2. Figure of Merit Comparison and Overall Discussion


As earlier demonstrated in Section 4.1.1, the RFPT system reaches very low efficiency values, i.e., of a few hundredths of a percent and for distances in the range of meters. This tremendous disadvantage means that this technology has very limited use cases, i.e., only usable in very low-power applications. The overall advantage of RFPT is the nearly infinite amount of time that small amounts of energy can be delivered. Furthermore, this technology can serve multiple devices simultaneously, in contrast to the UAV approaches.



Unlike RFPT, UAV-based servicing has clear advantages due to the large serviceable area. The disadvantage is the more complex implementation, requiring flight planning algorithms and battery-swapping mechanisms, posing wireless charging challenges, etc. This section primarily aims to evaluate efficiencies in various situations. It does not make sense to compare the short wireless power range with a possible long-range UAV solution. It is more meaningful to compare the charge and swap process efficiencies from Section 4.1.2 and Section 4.1.3 respectively and not further consider the RFPT technology here.



Table 5 compares several situations. Note that this comparison focuses on the side of the energy transfer to the node. The relation with parameters impacting the energy consumption of the node consumption, e.g., number and size of packets, is out of scope of this comparison. We refer to related work clarifying these aspects [2,10]. In all cases, the optimal speed criterium for the UAV, depicted in Section 2.4, is met. The battery technologies LTO and NCA at the IoT node are assumed for the charging and swapping process, respectively. The payload (including the optional second UAV battery) is still limited to 80 g. The maximum charge power is set to    P  ch , max   =   10 W. Based on these assumptions, along with the number of UAV batteries, travel distance, and IoT storage capacity, the FoM values are calculated. The UAV flying characteristics and weather conditions are assumed equal in the comparisons. The remaining   S o  C uav    was added to the table to make a fair comparison. Below, these four situations are briefly discussed.



	(Cf. 1)

	
Battery swapping, even with a full payload, is more efficient than in situ wireless battery recharging. In this case, the UAV consumption is even smaller than the transported energy. Figure 17 already showed that higher payloads lead to higher FoM values, although an amount of 68.3 kJ of rechargeable IoT storage is rather unrealistic for low-power IoT integrations. They do not benefit from an oversized battery, since this reduces the environmental friendliness of the approach. A more energy-efficient solution is to use the full payload capability, which means transporting multiple IoT batteries at the same time to serve more devices in a given area. This analysis is not covered in this study.




	(Cf. 2)

	
An equally large IoT battery capacity of 5 kJ with a similar FoM demonstrates that the swapping process appears to be the most advantageous once again. In this case, the distance can reach 2.6 km further located nodes while maintaining the same FoM value.




	(Cf. 3)

	
If both numbers of UAV batteries, travel distance, and storage capacity are assumed equal, the swapping process is still advantageous. Furthermore, the UAV battery may preserve a significant amount of residual energy.




	(Cf. 4)

	
Continuing on (Cf. 3), the difference in FoM values becomes smaller with increasing distance. In this example, there is only a 2.5% difference. Obviously, the remaining SoC is higher when swapping, since the charge energy comes from the UAV battery.







Another way to compare wireless charging with battery swapping is to plot the FoM with respect to the distance. As shown in the previous analysis from Table 5, the UAV battery is not necessarily fully drained after an intervention. To give a better picture, both efficiency and the remaining   S o  C uav    are plotted in Figure 18. In both cases, it is assumed to bring an energy quantity of 1000 J to the IoT device location. The remaining assumptions are summarized in Table 6, with the UAV battery that is still 9.62 Wh and the hovering time   t hover   equal to   t ch   or   t replacement   for charging or swapping processes, respectively. Furthermore, the parameters   P  ch , max   ,   C rate  , and   η wpt   remain crucial for estimating the energy consumption of the charging approach. Moreover, the weight energy density of the carried battery is essential to estimate the intervention energy for UAVs with swapping capabilities.



In addition to the fact that the swapping approach appears more efficient, this graph also represents the remaining energy of the UAV battery. In some cases, especially for closer located devices, the UAV could serve multiple IoT devices without recharging itself. This can be beneficial for the overall FoM value, since more energy is supplied to the drained IoT devices during one intervention. Additional analysis on serving multiple devices with energy is not elaborated on in this manuscript.



Previous assessments neglected the weight of the charging mechanism and the swapping mechanism. Results can differ when assuming a different hovering time for the battery replacement. The duration of 1 min to swap a battery is currently a rough estimation. Even when considering a battery-swapping time of 2 min, the swapping process is still advantageous, e.g., in (Cf. 1), the FoM becomes 66.7%, and in (Cf. 4), the FoM becomes 7.9%. In future work, the swapping process can be further studied, and the impact of mechanical options can be identified based on actual implementations.




4.3. UAV Optimizations


The UAV considered in this study is well-suited to give a proper estimate of the possibilities and challenges of UAV-based servicing of IoT nodes. Since this a very small UAV due to legislation restrictions, power consumption is quite low. There are more efficient UAVs models available, which could result in an even lower   E pm  . Larger blade spans combined with slower turning motors can yield a more efficient flying setup, but more optimal solutions exist based on propeller and motor selection [41]. The frame was chosen for its versatility and adaptability. A 3D-printed version of the frame was realized, which resulted in less than ideal flight characteristics. There were minor vibrations throughout the entire structure, since the frame was not as rigid as the carbon fiber version. Moving to a stiffer frame could greatly reduce vibrations. In a small UAV, the power consumption of the flight electronics has a significant impact on the total flight time, i.e., for this model 20% of the total power consumption. Lithium polymer (LiPo) batteries are typically used in UAVs due to their high discharge rate [42]. Lithium-ion (Li-ion) batteries can prolong flight times by offering higher energy-to-weight densities [33]. The relatively low discharge rate of Li-ions makes them only suitable in UAVs with a low power consumption to weight ratio.





5. Other Ecological Considerations and Future Work


Related studies, such as [43], only focus on energy consumption as an indicator of environmental impact. While this is an important metric, it misrepresents the true ecological impact of a particular device if no consideration is given to the environmental impact of the battery production and manufacturing of the UAV components. In this section, other ecological impacts to consider are introduced, and topics that require or deserve further research are summarized in the future work subsection.



The direct environmental implications of physical devices across their life cycle are frequently disregarded. LCA can here be a great tool for transitioning from a traditional cradle-to-gate to a cradle-to-grave analysis, accounting for all necessary steps while quantifying the true impact of IoT systems. A device’s environmental impact typically consists of two main contributions. First, the actual environmental impact of a particular product, for which the Global Warming Potential (GWP) metric is commonly used [44]. Second, the finite availability of resources, in particular resource depletion, which we further elaborate on in Table 7.



Only energy for operation has been taken into account so far in this work. While assessing the environmental footprint related to energy usage, the location of manufacturing and, consequently, the location of operation are also important to consider. The environmental impact will greatly differ due to the manner in which energy is generated. Energy from China (544 gCO2eq/kWh) or India (637 gCO2eq/kWh) has a significantly higher GWP than energy generated in Europe (mean 290 gCO2eq/kWh), e.g., Sweden (44 gCO2eq/kWh) [45].



An initial reflection is provided to better understand the ecological impact of a UAV-based recharging system. Since a complete LCA analysis is not the main purpose of this paper, this work is only a lead to create awareness for the reader that there is a plethora of aspects to consider for a sustainable IoT story, and many R&D questions are open in this domain. We are happy to refer the reader to upcoming papers concerning this topic in future work. Our UAV-based energy provisioning system contributes to a more ecological IoT in two ways. First, our approach reduces the ecological impact compared with previous fire-and-forget approaches. Second, we have the possibility of actively extending the battery life almost limitlessly.



5.1. Impact Comparison


A preliminary LCA analysis is conducted using publicly available carbon footprint data. Since GWP data for lithium-based batteries differ quite a lot in the literature, data from four sources [46,47,48,49] were collected and averaged, yielding a quite good estimate for lithium battery manufacturing GWP. For non-rechargeable (alkaline) batteries, data from [50,51] are used. The UAV model is based on a small sub- 250 g model from Pirson and Bol [44], assuming a typical lifetime of 400 flight hours [52], a power consumption of 50 W (resulting from Figure 4b), assuming European grid energy [53], and a flight time of 13 min (as depicted in Figure 13). The GWP of an extra four batteries, assuming a life cycle of 300 cycles, are included due to battery degradation during the lifetime of the UAV. An IoT energy consumption of 20 J a day for 10 years and a lithium-based rechargeable battery with a capacity of 2 kJ are assumed.



Figure 19 depicts the total impact of the UAV battery replacement compared with using a non-rechargeable battery. Only a single battery is assumed to be used during a 10 year lifetime of a single IoT node. Since a much smaller rechargeable than non-rechargeable battery can be used, the GWP thereof can be reduced significantly. Assuming a battery capacity of 2 kJ, a total of 36.5 UAV flights are needed over the course of 10 years to top up the battery. The lifetime of the UAV is assumed to be 400 flight hours (13 min/flight), incorporating the GWP of two battery replacements during its lifetime. The IoT node power consumption is assumed to be 20 J/day. The total GWP of the UAV-based servicing approach (in green) can be environmentally beneficial for powering the IoT node compared with using non-rechargeable batteries (in red). The total environmental impact of using non-rechargeable batteries comes down to 940 gCO2eq, while the UAV-based servicing approach yields a GWP of only 555 gCO2eq. An even lower GWP solution can be designed when optimizing the battery capacity at the IoT node and UAV, taking into account an optimal number of flights.




5.2. Scarcity of Elements


Only GWP data are available on the most commonly used battery types, e.g., lithium–polymer, lithium-ion, and alkaline batteries. On the GWP of certain battery types, such as LTO or LIC, as considered in this work, there is currently little to no information available. Therefore, we consider the scarcity of elements [54] needed for the manufacturing of the batteries as a way of qualifying the most environmentally friendly battery type. Table 7 gives an overview of the scarce elements required in the considered battery types.



Nickel manganese cobalt (NMC), NCA, LTO, and the older nikkel metal hydride (NiMH) and nikkel cadmium (NiCd) batteries are considered a bad environmental choice, since they use the most amount of scarce elements, i.e., one or two element(s) in the rising threat category and three or four elements in the future risk category. Lithium iron phosphate (LFP) is considered a better choice, since it uses no elements from the rising threat category and only two elements from the future risk category.
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Table 7. Scarcity of elements used in battery production: elements with rising threat from increased use (orange), limited availability future risk to supply (yellow), and plentiful supply (green) [54,55,56,57,58,59].






Table 7. Scarcity of elements used in battery production: elements with rising threat from increased use (orange), limited availability future risk to supply (yellow), and plentiful supply (green) [54,55,56,57,58,59].
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	NCA
	x
	
	
	x
	x
	
	x
	
	
	x
	
	
	x
	



	Lithium iron phosphate
	LFP
	
	
	
	x
	
	
	x
	
	
	x
	x
	
	
	



	Lithium titanate
	LTO/NMC
	x
	
	
	x
	x
	x
	x
	
	
	x
	
	
	
	x



	Nikkel cadmium
	NiCd
	x
	x
	
	
	x
	
	
	
	
	
	
	x
	
	



	Nikkel metal hydride
	NiMH
	x
	
	x
	
	x
	
	
	x
	x
	
	x
	x
	
	x









5.3. Manual Labor Comparison


IoT system maintenance is currently performed manually, which requires a lot of human effort and will not be practical in the future due to the fast-growing number of edge devices [1]. Table 8 compares traditional manual maintenance scenarios with the automated approach presented in this work. The required energy per unit kilometer for each intervention type is estimated. The gasoline car results are based on available energy per gallon, assuming a typical efficiency of 20–25% [60]. For electric cars, the energy consumption can be directly used, assuming charging is 100% efficient. The amount of ‘food energy’ (kcal) is taken into account for walking and cycling. For the big UAV energy consumption, a 3 kg system is assumed [61], while for the small UAV, values from Figure 5 are used, assuming an   E  pm    of 5 J/m. A gasoline-based car uses the most energy per kilometer, i.e., 562 Wh/km. An important improvement can be made using small UAVs in autonomous servicing systems, consuming only 1.39 Wh/km. Additionally, fully automated servicing systems require no user intervention during the lifetime of the product, saving time and human effort, while improving energy efficiency.




5.4. Future Work


The analyses on the total UAV consumption in this paper are based on reasonable estimates. In future work, a validation, by means of actual measurements, would significantly improve current estimates. Local circumstances, such as weather, can lower WPT efficiency levels or lead to an increase in UAV power consumption. Additional elements contributing to the avionic power, e.g., a swapping mechanism, can also lead to reduced flight times. An extension of the concept from Section 3.3 does not need to be limited to just replacing batteries. Other IoT node parts, such as sensors, central motherboards, or even full devices can be replaced in case of malfunctioning or failure. Here, a new research topic on designing the next generation of serviceable IoT devices arises. This can be supplemented by research into biodegradable materials to implement certain IoT functions, only engaging the UAV for the retrieval of remaining harmful parts.



This work shows a UAV-based servicing approach has many benefits compared with manual replacement. It eliminates manual labor, reduces energy consumption, and lowers the GWP compared with using non-rechargeable batteries. Still, the full impact of the proposed concepts on the environment needs to be further evaluated, since here only an overview of the rare elements in batteries was elaborated. By reducing battery capacity, we can also lower the ecological impact of a typical system. However, this will have ecological repercussions due to the more frequently required UAV flights to deliver the same amount of energy. Hence, optimizations can be performed. It can also be examined whether the environmental impact of an IoT application is more likely to increase or decrease by implementing an additional harvester circuit. Furthermore, the environmental impact of the energy required to fly to the IoT node can be reassessed, taking into account that the share of renewable energy still increases annually.





6. Conclusions


In this work, we presented options, assessments, and potential optimizations of a unmanned aerial vehicle (UAV)-based servicing approach. We compared the radio frequency power transfer (RFPT) system with a UAV approach and clarified the convenient yet very low efficiency of RFPT in short-range energy transfers, while UAVs can achieve a much higher efficiency, and moreover, can be utilized for long-range energy provisioning. A UAV energy consumption model was derived to provide accurate estimates of flight energy consumption. The comparison of battery types at the Internet of Things (IoT) node in terms of energy density and ecological impact shows that lithium titanate (LTO) is a promising rechargeable battery technology for the on-site recharging approach, while nickel cobalt aluminum (NCA) has the highest energy density, which benefits the efficiency of the discussed swapping process. When examining UAV approaches, our results show that it is more energy efficient to swap instead of recharge the IoT battery. For the case of wireless in situ charging, an actual system implementation is feasible based on known designs. Conversely, autonomous replacement will require a more complex mechanical design.



This work shows a UAV-based servicing approach has many benefits compared with manual replacement. It eliminates manual labor, reduces energy consumption, and lowers the Global Warming Potential (GWP) compared with using non-rechargeable batteries.



We can conclude from the work presented in this paper that UAV-based servicing of IoT nodes clearly is of interest from an operational energy efficiency perspective. Moreover, other ecological benefits could be achieved, requiring dedicated study and opening many new research questions.
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The following abbreviations are used in this manuscript:



	AUV
	Autonomous Underwater Vehicle



	BOM
	Bill of Materials



	BLDC
	Brushless DC



	CC
	Constant Current



	CPT
	Capacitive Power Transfer



	CV
	Constant Voltage



	DC
	Direct Current



	DE
	Drain Efficiency



	EASA
	European Union Aviation Safety Agency



	EDLC
	Electrostatic Double-Layer Capacitors



	EIRP
	Effective Isotropic Radiated Power



	EoL
	End of Life



	ERP
	Effective Radiated Power



	ESC
	Electronic Speed Control



	ETSI
	European Telecommunications Standards Institute



	FoM
	Figure of Merit



	GWP
	Global Warming Potential



	IoT
	Internet of Things



	IPT
	inductive power transfer



	ISM
	Industrial, Scientific, and Medical



	LCA
	life cycle assessment



	LCO
	lithium cobalt oxide



	LIC
	lithium-ion capacitor



	LFP
	lithium iron phosphate



	Li-ion
	lithium-ion



	LiPo
	lithium polymer



	LoRaWAN
	long-range wide-area network



	LoS
	line-of-sight



	LPT
	laser power transfer



	LS
	least squares



	LTC
	lithium thionyl chloride



	LTO
	lithium titanate



	MCU
	Microcontroller Unit



	NCA
	nickel cobalt aluminum



	NiCd
	nikkel cadmium



	NiMH
	nikkel metal hydride



	NMC
	nickel manganese cobalt



	PA
	power amplifier



	PAE
	power-added efficiency



	RF
	radio frequency



	RFID
	radio frequency identification



	RFPT
	radio frequency power transfer



	SISO
	single-input single-output



	SoC
	state of charge



	UAV
	unmanned aerial vehicle



	UGV
	unmanned ground vehicle



	UV
	unmanned vehicle



	WPT
	wireless power transfer









References


	



Blog, A.C. White Paper: Economics of a Trillion Connected Devices. 2022. Available online: https://community.arm.com/arm-community-blogs/b/internet-of-things-blog/posts/white-paper-the-route-to-a-trillion-devices (accessed on 26 November 2022).

	



Callebaut, G.; Leenders, G.; Van Mulders, J.; Ottoy, G.; De Strycker, L.; Van der Perre, L. The Art of Designing Remote IoT Devices—Technologies and Strategies for a Long Battery Life. Sensors 2021, 21, 913. [Google Scholar] [CrossRef]

	



Moore, S. Lessons From IoT Early Adopters. 2018. Available online: https://www.gartner.com/smarterwithgartner/lessons-from-iot-early-adopters (accessed on 1 December 2022).

	



Van Mulders, J.; Delabie, D.; Lecluyse, C.; Buyle, C.; Callebaut, G.; Van der Perre, L.; De Strycker, L. Wireless Power Transfer: Systems, Circuits, Standards, and Use Cases. Sensors 2022, 22, 5573. [Google Scholar] [CrossRef]

	



Frequency Identification Equipment Operating in the Band 865 MHz to 868 MHz with Power Levels Up to 2 W and in the Band 915 MHz to 921 MHz with Power Levels Up to 4 W; Harmonised Standard for Access to Radio Spectrum; European Telecommunications Standards Institute: Sophia-Antipolis, France, 2020.

	



Clerckx, B.; Bayguzina, E. Waveform design for wireless power transfer. IEEE Trans. Signal Process. 2016, 64, 6313–6328. [Google Scholar] [CrossRef]

	



Li, Z.; Zeng, M.; Tan, H.Z. A multi-band rectifier with modified hybrid junction for RF energy harvesting. Microw. Opt. Technol. Lett. 2018, 60, 817–821. [Google Scholar] [CrossRef]

	



Consortium, R. REsilient INteractive Applications through Hyper Diversity in Energy Efficient RadioWeaves Technology. Available online: https://reindeer-project.eu/ (accessed on 7 December 2022).

	



Van der Perre, L.; Larsson, E.G.; Tufvesson, F.; De Strycker, L.; Björnson, E.; Edfors, O. RadioWeaves for efficient connectivity: Analysis and impact of constraints in actual deployments. In Proceedings of the 2019 53rd Asilomar Conference on Signals, Systems, and Computers, Pacific Grove, CA, USA, 3–6 November 2019; pp. 15–22. [Google Scholar]

	



Van Mulders, J.; Leenders, G.; Callebaut, G.; De Strycker, L.; Van der Perre, L. Aerial Energy Provisioning for Massive Energy-Constrained IoT by UAVs. In Proceedings of the 2022 IEEE International Conference on Communications (ICC): IoT and Sensor Networks Symposium (IEEE ICC’22—IoTSN Symposium), Seoul, Republic of Korea, 16–20 May 2022; pp. 3574–3579. [Google Scholar] [CrossRef]

	



EASA. Open Category—Civil Drones. Available online: https://www.easa.europa.eu/en/domains/civil-drones/drones-regulatory-framework-background/open-category-civil-drones. (accessed on 3 November 2022).

	



Tiurlikova, A.; Stepanov, N.; Mikhaylov, K. Wireless power transfer from unmanned aerial vehicle to low-power wide area network nodes: Performance and business prospects for LoRaWAN. Int. J. Distrib. Sens. Netw. 2019, 15, 1550147719888165. [Google Scholar] [CrossRef]

	



Li, Y.; Zhou, C.; Shi, S.; Xu, Z. Time Allocation in Multi-UAV Energy Harvesting Network. In Proceedings of the International Conference on Artificial Intelligence for Communications and Networks, Xining, China, 23–24 October 2021; pp. 8–19. [Google Scholar]

	



Cheng, C.; Adulyasak, Y.; Rousseau, L.M. Drone routing with energy function: Formulation and exact algorithm. Transp. Res. Part B Methodol. 2020, 139, 364–387. [Google Scholar] [CrossRef]

	



Haider, S.K.; Nauman, A.; Jamshed, M.A.; Jiang, A.; Batool, S.; Kim, S.W. Internet of Drones: Routing Algorithms, Techniques and Challenges. Mathematics 2022, 10, 1488. [Google Scholar] [CrossRef]

	



Pugliese, L.D.P.; Guerriero, F.; Macrina, G. Using drones for parcels delivery process. Procedia Manuf. 2020, 42, 488–497. [Google Scholar] [CrossRef]

	



Zhang, J.; Campbell, J.F.; Sweeney, D.C., II; Hupman, A.C. Energy consumption models for delivery drones: A comparison and assessment. Transp. Res. Part D Transp. Environ. 2021, 90, 102668. [Google Scholar] [CrossRef]

	



Dorling, K.; Heinrichs, J.; Messier, G.G.; Magierowski, S. Vehicle Routing Problems for Drone Delivery. IEEE Trans. Syst. Man Cybern. Syst. 2017, 47, 70–85. [Google Scholar] [CrossRef]

	



Ferrandez, S.M.; Harbison, T.; Weber, T.; Sturges, R.; Rich, R. Optimization of a truck-drone in tandem delivery network using k-means and genetic algorithm. J. Ind. Eng. Manag. 2016, 9, 374–388. [Google Scholar] [CrossRef]

	



Kirschstein, T. Comparison of energy demands of drone-based and ground-based parcel delivery services. Transp. Res. Part D Transp. Environ. 2020, 78, 102209. [Google Scholar] [CrossRef]

	



Liu, Z.; Sengupta, R.; Kurzhanskiy, A. A power consumption model for multi-rotor small unmanned aircraft systems. In Proceedings of the 2017 International Conference on Unmanned Aircraft Systems (ICUAS), Miami, FL, USA, 13–16 June 2017; pp. 310–315. [Google Scholar] [CrossRef]

	



e-Peas Semiconductors. E-Peas RF Energy Harvesting Datasheet AEM40940 Rev. 1.1. 2018. Available online: https://e-peas.com/wp-content/uploads/2020/04/E-peas_RF_Energy_Harvesting_Datasheet_AEM40940.pdf (accessed on 7 November 2022).

	



Kazimierczuk, M.K. RF Power Amplifiers; John Wiley & Sons: Hoboken, NJ, USA, 2014. [Google Scholar]

	



Ronsmans, J.; Lalande, B. Combining energy with power: Lithium-ion capacitors. In Proceedings of the 2015 International Conference on Electrical Systems for Aircraft, Railway, Ship Propulsion and Road Vehicles (ESARS), Aachen, Germany, 3–5 March 2015; pp. 1–4. [Google Scholar] [CrossRef]

	



Mauger, A.; Julien, C. Critical review on lithium-ion batteries: Are they safe? Sustainable? Ionics 2017, 23, 1933–1947. [Google Scholar] [CrossRef]

	



Tecate GROUP. TYPE TPLC HYBRID CAPACITOR (LIC). 2022. Available online: https://www.tecategroup.com/products/data_sheet.php?i=TPLC-3R8/50MR10X20 (accessed on 7 November 2022).

	



Wireless Power Consortium. Qi Specification Power Delivery. 2021. Available online: https://www.wirelesspowerconsortium.com/knowledge-base/specifications/download-the-qi-specifications.html (accessed on 7 November 2022).

	



Alliance, A. AirFuel Is Cutting the Cord. Available online: https://airfuel.org/wireless-power/ (accessed on 10 November 2022).

	



Rindorf, L.; Lading, L.; Breinbjerg, O. Resonantly coupled antennas for passive sensors. In Proceedings of the SENSORS, 2008 IEEE, Lecce, Italy, 26–29 October 2008; pp. 1611–1614. [Google Scholar]

	



Mei, J.; Cheng, E.K.; Fong, Y. Lithium-titanate battery (LTO): A better choice for high current equipment. In Proceedings of the 2016 International Symposium on Electrical Engineering (ISEE), Santa Clara, CA, USA, 8–10 June 2016; pp. 1–4. [Google Scholar]

	



GWL. LTO1865-13 Rechargeable Cell. Available online: https://files.gwl.eu/inc/_doc/attach/StoItem/7015/GWL_LTO1865_Rechargeable.pdf (accessed on 7 November 2022).

	



CUSTOMCELLS. LTO/NMC 622—High Power Cells. 2017. Available online: https://www.customcells.de/fileadmin/customcells/Dokumente/Newsletter/CUSTOMCELLS-Newsletter-2017-09-01-LTO-cells.pdf (accessed on 7 November 2022).

	



SAMSUNG SDI. INR18650-29E. 2012. Available online: https://eu.nkon.nl/sk/k/29E.pdf (accessed on 7 November 2022).

	



NX. 18650 LIFEPO4 BATTERY 1500mAh 3.2V. 2014. Available online: https://docs.rs-online.com/1683/0900766b812fdd11.pdf (accessed on 7 November 2022).

	



Panasonic. Lithium Ion NCR18650B. 2012. Available online: https://www.batteryspace.com/prod-specs/NCR18650B.pdf (accessed on 7 November 2022).

	



Sanyo Cadnica. Cell Type N-700AAC. Available online: https://www.omnitron.cz/_dokumenty/2782019153700772/n-700aac–77.pdf (accessed on 7 November 2022).

	



RS PRO. NI-MH LOW-SELF DISCHARGE. Available online: https://docs.rs-online.com/686b/0900766b81585e4a.pdf (accessed on 7 November 2022).

	



Lee, D.; Zhou, J.; Lin, W.T. Autonomous battery swapping system for quadcopter. In Proceedings of the 2015 International Conference on Unmanned Aircraft Systems (ICUAS), Denver, CO, USA, 9–12 June 2015; pp. 118–124. [Google Scholar] [CrossRef]

	



Suzuki, K.A.; Kemper Filho, P.; Morrison, J.R. Automatic battery replacement system for UAVs: Analysis and design. J. Intell. Robot. Syst. 2012, 65, 563–586. [Google Scholar] [CrossRef]

	



Johansson, T.; Fritzin, J. A review of watt-level CMOS RF power amplifiers. IEEE Trans. Microw. Theory Tech. 2013, 62, 111–124. [Google Scholar] [CrossRef]

	



Blouin, C. How to Increase Drone Flight Time & Lift Capacity. 2021. Available online: https://www.tytorobotics.com/blogs/articles/how-to-increase-drone-flight-time-and-lift-capacity (accessed on 7 November 2022).

	



Ahmad, K. Lithium-Ion Batteries vs. Lithium-Polymer: Which One’s Better? 2022. Available online: https://www.makeuseof.com/lithium-ion-vs-lithium-polymer-which-is-better/ (accessed on 7 November 2022).

	



Long, T.; Ozger, M.; Cetinkaya, O.; Akan, O.B. Energy Neutral Internet of Drones. IEEE Commun. Mag. 2018, 56, 22–28. [Google Scholar] [CrossRef]

	



Pirson, T.; Bol, D. Assessing the embodied carbon footprint of IoT edge devices with a bottom-up life-cycle approach. J. Clean. Prod. 2021, 322, 128966. [Google Scholar] [CrossRef]

	



Ember. Data Explorer. Available online: https://ember-climate.org/data/data-explorer/ (accessed on 7 November 2022).

	



Sadhukhan, J.; Christensen, M. An In-Depth Life Cycle Assessment (LCA) of Lithium-Ion Battery for Climate Impact Mitigation Strategies. Energies 2021, 14, 5555. [Google Scholar] [CrossRef]

	



Melin, H.E. Analysis of the Climate Impact of Lithium-Ion Batteries and How to Measure It; Circular Energy Storage-Research and Consulting: London, UK, 2019; pp. 1–17. [Google Scholar]

	



Philippot, M.; Alvarez, G.; Ayerbe, E.; Van Mierlo, J.; Messagie, M. Eco-efficiency of a lithium-ion battery for electric vehicles: Influence of manufacturing country and commodity prices on ghg emissions and costs. Batteries 2019, 5, 23. [Google Scholar] [CrossRef]

	



Sánchez, D.; Proske, M.S.J.B. Life Cycle Assessment of the Fairphone 4. 2022. Available online: https://www.fairphone.com/wp-content/uploads/2022/07/Fairphone-4-Life-Cycle-Assessment-22.pdf (accessed on 7 November 2022).

	



Masanet, E.; Horvath, A. Single-Use Alkaline Battery Case Study The Potential Impacts of Extended Producer Responsibility (EPR) in California on Global Greenhouse Gas (GHG) Emissions; California Department of Resources Recycling and Recovery: Sacramento, CA, USA, 2012. [Google Scholar]

	



Olivetti, E.; Gregory, J.; Associates, C. Life Cycle Assessment of Alkaline Battery Recycling a Report for the Corporation for Battery Responsibility Executive Summary; Massachusetts Institute of Technology: Cambridge, MA, USA, 2018. [Google Scholar]

	



Ciobanu, E. Drone Life Expectancy (How Long Do Drones Last?). Available online: https://www.droneblog.com/drone-life-expectancy/ (accessed on 7 November 2022).

	



Agency, E.E. Greenhouse Gas Emission Intensity of Electricity Generation. Available online: https://www.eea.europa.eu/data-and-maps/daviz/co2-emission-intensity-12/#tab-googlechartid_chart_11 (accessed on 7 November 2022).

	



Science, L. Europe’s ’New’ Periodic Table Predicts Which Elements Will Disappear in the Next 100 Years. Available online: https://www.livescience.com/64596-new-periodic-table-shows-helium-scarcity.html (accessed on 7 November 2022).

	



Panasonic. Lithium-ion Batteries Product Information Sheet; Panasonic: Osaka, Japan, 2017. [Google Scholar]

	



Kurzweil, P. Chapter 19—Electrochemical Double-layer Capacitors. In Electrochemical Energy Storage for Renewable Sources and Grid Balancing; Moseley, P.T., Garche, J., Eds.; Elsevier: Amsterdam, The Netherlands, 2015; pp. 377–379. [Google Scholar] [CrossRef]

	



University, B. BU-205: Types of Lithium-Ion. 2021. Available online: https://batteryuniversity.com/article/bu-205-types-of-lithium-ion (accessed on 7 November 2022).

	



Ebin, B.; Petranikova, M.; Ekberg, C. Physical separation, mechanical enrichment and recycling-oriented characterization of spent NiMH batteries. J. Mater. Cycles Waste Manag. 2018, 20, 2018–2027. [Google Scholar] [CrossRef]

	



Rydh, C.J.; Karlström, M. Life cycle inventory of recycling portable nickel–cadmium batteries. Resour. Conserv. Recycl. 2002, 34, 289–309. [Google Scholar] [CrossRef]

	



Murphy, T. 100 MPG on Gasoline: Could We Really? Available online: https://dothemath.ucsd.edu/2011/07/100-mpg-on-gasoline/ (accessed on 7 November 2022).

	



Rodrigues, T.A.; Patrikar, J.; Oliveira, N.L.; Matthews, H.S.; Scherer, S.; Samaras, C. Drone flight data reveal energy and greenhouse gas emissions savings for very small package delivery. Patterns 2022, 3, 100569. [Google Scholar] [CrossRef] [PubMed]

	



Murphy, T. MPG of a Human. Available online: https://dothemath.ucsd.edu/2011/11/mpg-of-a-human/ (accessed on 7 November 2022).








[image: Sensors 23 02291 g001 550] 





Figure 1. Overview of different solutions: (1) uncoupled wireless power transfer, (2) wireless charging by UAV equipped with WPT transmitter in proximity of the IoT node, and (3) battery replacement by UAV. 
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Figure 2. Overview of different subscenarios for IoT charging with UAV. 
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Figure 3. Picture of the drone considered in this study. 
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Figure 4. Experiment 1 gauged the hovering power related to UAV weight and payload. (a) LS fit on hovering data; Experiment 3 measured the UAV power and angle related to the horizontal speed. (b) LS fit on horizontal flight data. (  m payload   = 50 g). 
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Figure 5. Energy per meter related to flight forward speed. 
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Figure 6. Transmission and efficiency model for RF power transfer [4]. 
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Figure 7. Fitted curve of the raw data of the AEM40940 energy harvester [22]. 
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Figure 8. Required transmit power for an RF SISO system, expressed in EIRP. 
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Figure 9. Spin chart comparing properties of energy storage compounds EDLC (orange) LIC (blue), and LTO (green). (+) higher is better, (−) lower is better. 
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Figure 10. Self-discharge of EDLC, LIC, and LTO cells measured over approximately two years. The self-discharge is calculated as the percentage of remaining cell voltage compared with the initial voltage as a function of time. 
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Figure 11. Measured charge curve of a 66.3 mAh LTO battery and a 50 F LIC capacitor. 
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Figure 12. Maximum IoT storage capacity, limited by the battery capacity of the UAV, represented by a dotted line. The UAV battery capacity is 9.62 Wh, and the maximum charge power   P  ch , max    is set to 1 W. The energy storage IoT node involves an LTO cell with a charge rate of 10 C. 
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Figure 13. Overall operation time during one intervention. The same assumptions were adopted from Figure 12. 
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Figure 14. UAV energy needs for varying payloads and servicing distances. Delineated in green are the practically feasible cases, due to battery energy and payload limits. Assuming one UAV battery (9.62 Wh), the payload can be as high as 80 g. 
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Figure 15. Estimate of the achievable efficiency levels for a SISO RFPT system with a pa with 77% efficiency. The maximum EIRP limit of 38.15 dbm is not taken into account. 
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Figure 16. Overall energy efficiency including travel, WPT, and hover losses. A 3 km travel distance with a single UAV battery is not achievable, as also noted in previous analyses. (a)   P  ch , max    = 1 W; (b)   P  ch , max    = 10 W. 
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Figure 17. An NCA battery, with a weight energy density of 237 Wh/kg, assumed to be transported by the UAV. Assuming the total weight of the UAV should not exceed 250 g, the maximum payload of 80 g (one UAV battery) and 21 g (two UAV batteries) is indicated by the dotted vertical line. (a) One UAV battery; (b) two UAV batteries. 
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Figure 18. FoM comparison according to the parameters from Table 6. 
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Figure 19. GWP of non-rechargeable fire-and-forget vs UAV-based servicing approach. Assumptions: 13 min flight at 50 Wh with lithium-based IoT node battery capacity of 2 kJ and an energy consumption of 20 J/day for 10 years. Note the logarithmic scale. 
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Table 1. Custom UAV parameters extracted from real-life experiments.






Table 1. Custom UAV parameters extracted from real-life experiments.





	Parameter
	Value [-]
	Parameter
	Value [-]





	   k 1   
	1.560
	   c 2   
	9.451



	   k 2   
	0.467
	   c 3   
	−0.0037



	   c 1   
	3.428
	   c 4   
	−0.0044
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Table 2. Maximum harvesting distance 38.15 dBm EIRP related to varying DC output power levels.






Table 2. Maximum harvesting distance 38.15 dBm EIRP related to varying DC output power levels.





	
DC Power (mW)

	
RF Input Power (dBm)

	
Max Distance (m)




	
(Required)

	
(Harvester)

	
(EIRP 38.15 dBm)






	
0.01

	
−14.15

	
14.5




	
0.05

	
−7.62

	
6.9




	
0.1

	
−3.88

	
4.7




	
0.5

	
5.43

	
1.6




	
1

	
10.06

	
0.9
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Table 3. Calculated link efficiency using simulation data obtained via the finite element analysis for two vertical misalignments.
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	(x, y, z) [mm]
	M [μH]
	   L 1    [μH]
	   R 1    [mΩ]
	   L 2    [μΩ]
	   R 2    [mΩ]
	    k mrc      [-]
	   η mrc    [%]





	(0, 0, 100)
	0.083
	2.165
	489
	3.488
	612
	0.035
	76.5



	(0, 0, 150)
	0.032
	2.166
	488
	3.483
	610
	0.014
	51.0
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Table 4. Common rechargeable batteries with their weight energy density. The first four are lithium-based, while the latter two are nickel batteries.
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	Composition
	Weight Energy Density [   W h / k g   ]
	Reference





	NMC
	≈217
	[33]



	LFP
	≈114
	[34]



	NCA
	≈237
	[35]



	LTO
	≈80
	[31]



	NiCd
	≈36
	[36]



	NiMH
	≈86
	[37]
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Table 5. Comparison of FoM values for different scenarios.
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	Cf.

nr.
	Scenario
	Payload
	IoT Battery

Composition
	# UAV

Batteries
	Distance

[km]
	Storage

Capacity [kJ]
	Remaining

  S o  C uav    [%]
	FoM

Value [%]





	1
	Charging
	0 g
	LTO
	1
	2.5
	1.8
	0.3
	5.1



	
	Swapping
	80 g
	NCA
	1
	2.5
	68.3
	14.4
	69.2



	2
	Charging
	59 g
	LTO
	2
	3.7
	5
	0.8
	7.1



	
	Swapping
	64.9 g
	NCA
	2
	6.3
	5
	7.8
	7.1



	3
	Charging
	59 g
	LTO
	2
	1
	4
	46.5
	10.5



	
	Swapping
	63.7 g
	NCA
	2
	1
	4
	80.0
	22.0



	4
	Charging
	59 g
	LTO
	2
	4
	4
	6.5
	6



	
	Swapping
	63.7 g
	NCA
	2
	4
	4
	39.4
	8.5
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Table 6. Proposed parameters to compare charging process against swapping process.
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Parameters

	
Charging

	
Swapping






	
Size of depleted IoT battery

	
[J]

	
1000

	
1000




	
No. UAV batteries

	
(−)

	
1

	
1




	
   P  ch , max    

	
[W]

	
10

	
N/A




	
   C rate   

	
(−)

	
10 (LTO)

	
N/A




	
   η wpt   

	
(%)

	
50

	
N/A




	
Weight energy density IoT battery

	
(  W h / k g  )

	
N/A

	
237 (NCA)




	
   m payload   

	
(g)

	
0

	
1.17




	
   t hover   

	
(s)

	
324

	
60
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Table 8. Comparison of UAV-based operation vs manual intervention [61,62].
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	Car (Gasoline)
	Car (Electric)
	Walking
	Cycling
	Big UAV
	Small UAV (Current Work)





	Wh/km
	562
	187.5
	65
	17.5
	22
	1.39
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