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Abstract
Unmanned Aerial Vehicles (UAVs) are being increasingly implemented in a range of applications. Their low payload capacity and ability to overcome congested road networks enables them to provide fast delivery services for urgent high-value low-volume cargo. This work investigates the economic viability of integrating UAVs into urban hospital supply chains. In doing so, a strategic model that determines the optimal configuration of supporting infrastructure for urgent UAV delivery between hospitals is proposed. The model incorporates a tailored facility location algorithm that selects an optimal number of hubs given a set of candidates and determines the number of UAVs required to fulfil total demand. The objective is to minimize the total cost of implementation, computed as the sum of generalised, battery, vehicle and hub establishment costs. The model is applied to a case study based on the establishment of a UAV delivery network for deliveries between NHS hospitals in London. A baseline scenario is also developed using current NHS vehicles for delivery. Our results demonstrate that UAV-based delivery provide significant reductions in operational costs compared to the baseline. Furthermore, our analysis indicates the location of hubs is more significant to the solution optimality than any increase in range or payload. 
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Introduction	
Hospitals are progressively being exposed to the pressures of an ageing population, an increment in morbidity and increases in treatment costs. Public Health England (2019) estimates that the total burden of morbidity, defined as the number of years lived experiencing a chronic disease, rose by almost 17% between 1990 and 2013 in England. The main contributor is the ageing population as a result of healthcare advancements, as morbidity rate increases with age. Over the 1997-2017 period, the 65 and over age group grew by 2,445,000 people, which represents an increase of 2.3% (Office for National Statistics, 2019).
As these trends prevail, the average spending per individual can be expected to increase (Kim, 2017). Most notably, UK National Health Service (NHS) drug procurement expenditure grew on average by 12% from 2011 to 2017 every year (Ewbank et al., 2018), while NHS overall expenditure doubled from £74.5 to £144.3 billion between 2000 and 2017 (Harker, 2019).
The healthcare supply chain is characterised by high transportation costs and recurrent difficulties to fulfil demand (Wright et al., 2018). Every year, the NHS needs to collect, process and transport 1.6 million blood units to treat over 5 million patients (NHS Blood and Transplant, 2019). Due to its high perishability, yearly wastage levels range 3-5%. (Stanger et al., 2012; BSMS 2012).
Blood supply regulation is outlined by the Blood Safety and Quality Regulation (UK Government (2005). Thus, the supply chain is generally centralised as blood must be processed and tested prior to distribution. The delivery from these blood banks to hospitals rely on a combination of owned vehicle fleets, volunteers, and specialist outsourced services. Standard deliveries of blood supplies are carried out periodically, with supplementary deliveries deployed on an on-demand basis (National Audit Office, 2000).
The Blood Stocks Management Scheme (BSMS), which monitors the blood supply chain in the UK, highlights that reductions in wastage are to be achieved by facilitating movement of blood components between NHS facilities, and providing an agile response to changes in demand (BSMS, 2015). As a result, UAVs are increasingly being contemplated as an alternative to traditional road vehicles (Nesta, 2018).
The integration of UAVs can help reduce operational costs as they are less labour-intensive (Thiels et al., 2015). Moreover, they require significantly less take-off and landing space than helicopters, which are occasionally used for urgent delivery (Haidari et al., 2016). Battery powered UAVs also present a reduction in carbon emissions when compared to petrol or diesel-based road transport (Goodchild and Toy, 2016; Figliozzi, 2017). Finally, UAVs bypass road networks, which are vulnerable to infrastructure damage and traffic congestion.
Nevertheless, UAV delivery systems currently face important barriers precluding implementation. Most applications entail flying UAVs Beyond Visual Line of Sight (BVLOS) making use of its autonomous features. Doing so at scale presents a major regulatory and operational challenge. Additionally, flight performance is susceptible to weather constraints (SESAR, 2016). Finally, negative public perception remains a major concern (Nesta, 2018). 
While the integration of UAVs for hospital deliveries of urgent medicines and blood has been studied in previous literature, a strategic framework to quantify the efficiency of hospital operations has yet to be proposed. To address this gap, we present an optimisation model that can be used to design a UAV delivery network for hospital deliveries. In doing so, the model minimises drone travelling time, battery consumption levels, vehicle investment, and infrastructure costs. The trajectories designed between hospitals conform to the latest Air Traffic Management regulations. 
The following section presents a review of published research related to the model proposed. The Methodology Section describes the optimisation problem, which is tested using a problem instance based on the NHS facilities in London in the Case Study Section. An analysis of the relevance and limitations of the study is presented in the Discussion Section, with final thoughts and considerations captured in the Conclusions. 

Literature Review
Recent improvements in cost efficiency, reliability and speed of service of UAV systems has motivated the development of many optimization models that consider its use for deliveries. Models that combine trucks and drones have been the focus of commercial delivery and suburban medical deliveries (Murray and Chu, 2015; Scott and Scott, 2017; Hong, Kuby and Murray, 2018). 
This review focuses on drone-only systems as these are most suitable to provide on-demand fast and reliable inter-urban hospital delivery due to the short distances between hospitals and urgency in delivery (Nesta, 2018).
Within urban deliveries, Shavarani et al. (2018) presented a hierarchical facility location considering recharge, while Kim et al. (2017) proposed a similar problem for health care delivery for chronic disease patients in rural areas. However, the studies considered hubs with infinite capacity, which is not applicable to urban hospitals due to the limited availability and high cost of land. Furthermore, the operational costs estimations are overly simplified, as they ignore variations in occupancy levels.
	In disaster relief, Fereiduni & Shahanaghi (2016) studied the design of a dynamic UAV blood supply network for emergencies. Wen et al. (2016) proposed a vehicle routing model that considers blood temperature variation based on the quantity of blood transported and length of each trip. Escribano Macias et al. (2020) incorporated energy management and recharge to a location-routing algorithm for drone-based relief distribution.
Other more qualitative studies have focused specifically on the feasibility of implementing large scale UAV delivery networks in the healthcare supply chain (Nesta, 2018; Wright et al., 2018). However, their discussion presented simplistic cost estimations.
To the extent of this literature review, no research paper presents a model that determines the optimal configuration and minimizes the total cost of establishing a permanent UAV delivery system for medical deliveries between hospitals. This report covers the existing gap in the literature by presenting a strategic model that considers travel, battery, hub establishment and vehicle costs.

Methodology
As highlighted in our Introduction, hospitals require persistent and on-demand blood deliveries from blood banks. This paper proposes the selection of hospitals to be used to store and deliver blood on an on-demand basis using UAVs. Given a set of candidate hubs , the algorithm selects the optimal hub locations  and determines the number of vehicles required at each centre to deliver demand  to each hospital .
	Blood stock is transported periodically from blood banks to the selected hubs. These are equipped with UAVs, batteries, take-off and landing pads, and charging facilities depending on the demand requirements.
	After the completion of a delivery, UAVs returned to their original hub for re-charging and maintenance until the next delivery is requested (refer to Assumption 4). The development of communication systems between hospitals to request orders is out of the scope of this paper.
[image: ]
[bookmark: _Ref26956973]Figure 1 Model Overview. Processes shown in blue, inputs in orange, and outputs in green.
	The model contains three stages as presented in Figure 1. The trajectory design stage calculates flight times and energy requirements of UAV travel between all hospitals. These trajectories are used to select hub candidates along with other hospital properties to ensure that all hospitals lie within the UAV’s operational range.
	Finally, the hub selection stage contains a facility location optimisation problem. The objective of the model is to minimize the total costs computed as the sum of generalised, energy, investment, and emission costs subject to hub capacity and vehicle range constraints. The following assumptions are adopted:
Assumption 1: It is assumed that the corridor altitude is established so that no obstacles are encountered. Furthermore, UAVs will operate in BVLOS conditions, as it is expected that regulations will evolve to become more supportive of this type of operations. 
Assumption 2: Vehicles are assumed to be fully powered by electric batteries as over 95% of the market comprises UAVs which are battery powered (Drone Industry Insights, 2017). Additionally, the implementation of electric vehicles aligns with the targets being imposed by most countries to drive consumption away from combustion engines (Inagaki, Sanderson and Clover, 2018). Cruise velocity is set to be constant and payload variations are assumed to be the only factor which affects battery consumption. The impact of weather conditions and wind speed on flight performance is also neglected. Required take-off and landing times are not considered in this model as on average, take-off and landing combined constitute a negligible proportion of the total flight time (Dorling et al., 2017; Nesta, 2018).
Assumption 3: A uniform commodity problem is considered. Only the delivery of a standardised delivery package is considered in the problem.
Assumption 4: UAVs return to their base after a delivery is completed. This assumption is based on two factors: (a) the short lead times in blood demand and high uncertainty suggests that hospitals will likely want to maintain a known fleet size of UAVs that would be able to provide a guaranteed level of service in case of urgent delivery requirements, and (b) UAV balancing will require hospitals to be fitted with excess capacity to store and maintain drones, thus the cost requirements to maintain the load-balanced fleet may outweigh the operational costs of the hubs returning to their base. 
Indices and Sets
		Set of hospitals
		Set of hub candidates
	Subset of hub candidates which are hospitals
	Subset of hub candidates which are blood banks
Decision Variables 
	Integer: determines the number of UAV deliveries from hub  to hospital 
	Boolean: defines whether a hub candidate  is selected or not
Hospital Parameters:
	Concurrent demand at each hospital [blood units]
Hub Parameters:
	Capacity of each hub [kg]
	Set up cost of hub [£]
	Maximum number of hubs that can be established [-]
UAV Parameters:
	Maximum vehicle range [km]
	Cruise velocity [km/ hour]
	UAV empty mass [kg]
	Payload capacity mass [kg]
	Payload capacity in blood units [blood units]
	UAV cost [£]
Battery Parameters: 	
	Battery cost [£/ kWh]
	Battery expected life [cycles]
	Electricity cost [£/ kWh]
	Power transfer efficiency for the motor and propeller [-]
	Lift-to-drag ratio [-]
	Power consumed by the electronic components [kW]
	Charging efficiency [-]
Emissions Parameters:	
 	Electricity emissions [kgCO2e/ kWh]
 	Battery production emissions [kgCO2e]
 	Carbon price [£/tCO2e]
Link Parameters:	
	Energy cost of travelling from hub  to hospital [£]
	Energy cost of travelling from hub  to hospital when empty [£]
	Energy requirements of travelling from hub  to hospital [£]
	Energy requirements of travelling from hub  to hospital when empty [£]
	Generalised travel cost from each hub  to each hospital [£]	
	Distance from each hub  to each hospital  
	Generalised cost of time [£/ hour]
Cost Parameters:	
	Total Costs [£]
	Generalised Costs [£]
	Battery Costs [£]
	Vehicle Costs [£]
	Hub Establishment Costs [£]
	Carbon Emission Costs [£]
	
The demand parameter  specifies the number of blood units required for the operation time horizon. This section describes a strategic problem formulation, such that it evaluates a typical business operation which, depending on the supply chain structure, may constitute a day, week, or month. The formulation presented below is generic to ensure its applicability to other supply chains, with greater detail presented in the Case Study section.
The model minimises the aggregate cost function shown in (1.1). Travel times are monetised using a generalised value of time  that quantifies potential risks related to the delay in transporting blood. 
	

	
	
(1.1)

	
	
	(1.2)

	
	
	(1.3)

	
	
	(1.4)

	
	
	(1.5)

	
	
	(1.6)

	
	
	(1.7)

	
	
	(1.8)

	
	
	(1.9)

	
	
	(1.10)

	
	
	(1.11)



The battery costs,  and , have been computed using the approximation provided by D’Andrea (2014). It is important to note that these matrices are not necessarily symmetrical due to variable weather conditions and asymmetrical trajectory design. Given the strategic nature of this study, these aspects have been ignored as per Assumption 2.
The complete problem formulation is presented:
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Constraint (2.1) limits cargo delivered from each hub to its maximum capacity. It also guarantees no UAV deliveries are assigned to non-selected hubs. Constraint (2.2) ensures demand is fulfilled at every hospital. Constraint (2.3) establishes a maximum number of hubs selected. Constraint (2.4) ensures UAV operational range is not exceeded. Constraints (2.5) and (2.6) define the decision variables as Boolean and positive integer values respectively.

Case Study
The implementation of a UAV delivery network between hospitals in London has been considered as an alternative to road transport for two reasons. First is the need to improve efficiency and reduce costs of NHS facilities. Secondly, the government has recently stressed the importance of reducing congestion and pollution (Mayor of London, 2018). 
This case study is based on the work published by Nesta (2018) which studies the potential use of UAVs for the delivery of laboratory samples between Guy’s and St Thomas hospitals in London. We have extended the problem instance to the NHS hospital network in London. In total, the study aims to optimise delivery of urgent medicines and blood between 24 NHS hospitals with an Accident and Emergency (A&E) department in Greater London (refer to Figure 2).
Five hospitals are selected as hub candidates based on their high demand and strategic location. The selection process is performed under the assumption that the pertinent locations have sufficient space to accommodate the required number of UAVs and blood storage facilities. Designating hospital hub candidates according to their location ensures that all demand points are accessible. An indicative example is selecting Queens Hospital, so Kings George Hospital is not unreachable by drone. Further hub candidates include the two NHS Blood and Transplant Centres (B&T), which are the main blood distributors to hospitals in Greater London.
Hub Parameters
The demand at each hospital is estimated by considering daily A&E attendees obtained from the NHS database and complementary reports, shown in Figure 3 (NHS Digital and NHS England, 2018; Care Quality Commission, 2019). These values are converted into demand levels by considering the NHS target of attending patients within four-hours of arrival, such that a new group of incoming patients is treated every four hours (NHS England, 2019). 
According to Figure 3c, peak demand occurs between daylight hours (8am-8pm) and remains constant for each four-hour time-window within this interval. We assume this level of demand during the implementation of our model, as the provision of peak daily demand ensures the feasibility of the solution throughout the year given that weekly and monthly demand levels are uniformly distributed (see Figure 3a and b).
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[bookmark: _Ref14086276]Figure 2 Locations considered in the case study.
 
Of these incoming patients, only 1% require urgent blood deliveries on average (NHS Digital and NHS England, 2018). Finally, a conservative 5 units per patient – equivalent to approximately 450 ml per unit (Hudson 2016) – is assumed (Thiels et al. 2015). 
The incurred storage costs to accommodate hospital candidate hubs are estimated using the price and dimensions of the HXC-1308 refrigerator model offered by Wolflabs UK (Wolflabs, 2019). This company has been selected because it is the preferred supplier of laboratory equipment among most NHS trusts (Laboratory Talk 2019).
The resulting hub establishment costs are estimated using the following expression:
	
	
	
	(3)


where  is the cost of installing storage facilities and  denotes the cost of building a landing platform and enabling the space necessary for the UAVs to operate. The B&T candidates are assigned a storage facility cost , as blood storage facilities already exist. Moreover, it is assumed that B&T locations have very large capacities  (Transplant, 2017). Finally, the landing platform cost  is that provided by Nesta (2018) which considers the fixed infrastructure cost resulting from integrating landing spots in existing buildings. 
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(c)  Average daily attendance


Figure 3 A&E average attendance between April 2016 and March 2018 (NHS Digital and NHS England, 2018).

Drone Parameters
Three UAV models are considered in this case study (see Table 1): the Matternet M2 (Matternet, 2017), and two versions of the Wingcopter 178 model (Wingcopter, 2019b, 2019c). The latter has been selected because it is being used for urgent deliveries and its product specification is also public (Wingcopter, 2019a). Note that the cruise velocity of the Wingcopter models is set as the lower bound to provide maximum range.
	While the M2 is a multi-rotor, the Wingcopters are hybrid UAVs that operate like a conventional plane. A key feature of both UAV types is their vertical take-off and landing capability, which is essential in urban environments. 
The cost of the UAVs  has been estimated from Nesta et al. (2018) and coincides with Thiels (2015) and Doole et al. (2018). This parameter includes the initial investment, maintenance, liability insurance, and other costs that relate to any additional modification necessary to operate in urban areas for hospital delivery purposes when accounting for innovation in UAV technology and the time elapsed until implementation. Note that the cost of hybrid UAVs has been assumed to be 50% given their technological immaturity compared to multi-rotors (Chapman, 2016). Furthermore, the cost of the Wingcopter 178 Heavy Lift is assumed higher given the increased vehicle payload capacity. 
The vehicle capacity in blood units , has been estimated using Zipline’s (2019) model as a reference due to the similar payload capacity. The Wingcopter 178 HL  value is assumed to increase in relation to their  compared to the other UAV models. 
The battery cost,  and expected life,  are adopted from D’Andrea (2014) as the approximate values of a high-end lithium battery. As discussed by Gottlieb (1997),  and  vary throughout the different flight stages and is also dependant on design characteristics. Additionally, battery performance can be altered for many reasons such as variations in cell chemistry (Linden, 1984). However, an aggregate value  has been used as the derivation of complex battery performance relationships is beyond the scope of this work. This value has been considered as appropriate as it has been previously used by Goodchild & Toy (2016) and Escribano Macias et al. (2020). 
 	The lift-to-drag ratio  and charging efficiency  are provided by D’Andrea (2014). The electricity cost  has been approximated as the average of the six largest energy providers in the UK at the time of writing (Vasili, 2019). 
	The predicted emissions caused during battery production  have been adopted from Hall & Lutsey (2018) and Stolaroff et al. (2018), while the estimated emissions of electricity production  in the UK have been obtained from Penistone (2019). A carbon price  is used to monetise final carbon-equivalent emissions (Bowen, 2018).
Given the complexity, current level of congestion, and limited capacity of London’s airspace, missions which are beneficial to the public are likely to be prioritised. Therefore, in accordance with Assumption 1, civic applications are likely to take precedence over commercial applications, meaning that specific corridors for medical deliveries may be established to ensure non-conflict (Nesta, 2018).
The generalised cost of time has been approximated to  and considers typical logistics costs (Holguin-Veras et al., 2013). While this  value has been previously applied for disaster relief, it has been considered appropriate given the urgency of the deliveries of this case study. The key component of  is that it must remain greater than the potential loss of life. 

[bookmark: _Ref14091909]Table 1 Model parameters. UAV parameters are obtained from (Matternet, 2017), (Wingcopter, 2019b) and (Wingcopter, 2019c). 
	Parameter
	Symbol
	Value

	
	
	M2 Matternet
	Wingcopter 178
	Wingcopter 178 HL

	Vehicle Parameters

	Maximum vehicle range [km]
	
	20*
	100
	45

	Vehicle cruise velocity [km/ hour]
	
	36
	40
	40

	Vehicle mass [kg]
	
	9.5
	9.1
	14

	Vehicle payload capacity [kg]
	
	2
	2
	6

	Vehicle capacity [blood units]
	
	3
	3
	6

	Vehicle cost [£]
	
	10,000
	15,000
	20,000

	Required storage dimensions [cm3]
	-
	26×128×128
	60×84.5×108
	60×84.5×108

	Battery Parameters

	Battery cost [ £/ kWh]
	
	240

	Battery expected life [cycles]
	
	300

	Power transfer efficiency [-]
	
	0.5

	Lift-to-drag ratio [-]
	
	3

	Power consumed by electronics [kWh]
	
	0.1

	Charging efficiency [-]
	
	0.8

	Electricity cost [ £/ kWh]
	
	0.15

	Electricity emissions [kgCO2e/ kWh]
	
	0.31

	Battery production emissions [kgCO2e]
	
	4.7

	Carbon price [£/tCO2e]
	
	18.1

	Hub Parameters

	Storage facility cost of hospital candidate hub [£]
	
	12,000

	Landing platform cost [£]
	
	5,000

	Set up cost of hospital candidate hub [£]
	
	17,000

	Set up cost of blood bank candidate hub [£]
	
	5,000

	Hospital candidate hub  capacity [blood units]
	
	32

	Blood bank candidate hub  capacity [blood units]
	
	M (very big number)

	Maximum number of established hubs [-]
	
	4

	*The range of Matternet’s M2 UAV is extended to 25 km to ensure its viability in the presented case study.



Results
The model is solved using CPLEX and is run in an Intel Xeon E5-1650 with 64GB machine. A summary of the results is shown in Table 2. With , Matternet’s M2 UAV model yields the most cost-effective solution with a total cost of approximately £455,000. However, the requirement for this implementation is to extend vehicle range from 20 to 25 km for viability.
Wingcopter 178 HL provides the second-best solution even though its vehicle cost is the highest out of the three models. Our results indicate that increased payload capacity is significantly more beneficial to operational cost than vehicle range, provided a minimum range is satified. As observed in Figure 4a, the provision of increased operational range provides a negligible improvement over 45km range when the maximum number of hubs , and has no effect for .

[bookmark: _Ref14092784]Table 2 Cplex model initial implementation results.
	UAV Model
	M2 Matternet
	Wingcopter 178
	Wingcopter 178 HL

	Hubs Established
	K
	2
	3
	3

	
	Z
	2
	1
	1

	UAVs required
	-
	41
	36
	21

	Generalised Cost
	£
	998
	716
	465

	
	%
	0.22
	0.12
	0.09

	Battery Costs
	£
	12
	9
	10

	
	%
	<0.01
	0.01
	<0.01

	Vehicle Cost
	£
	410,000
	540,000
	420,000

	
	%
	90.11
	90.49
	88.15

	Hub Setup Costs
	£
	44,000
	56,000
	56,000

	
	%
	9.67
	9.38
	11.76

	Carbon Costs
	£
	0.486
	0.496
	0.318

	
	%
	<0.01
	<0.01
	<0.01

	Total Cost
	£
	455,010
	596,725
	476,475


(c) Total cost variation with hub establishment cost.
(b)    Total cost variation with vehicle capacity.
(a) Total cost variation with drone range.

[bookmark: _Ref14159722]Figure 4 CPLEX model Wingcopter 178HL results for varying parameters
Figure 4b shows that increasing payload capacity  initially drives the cost down significantly until . Surprisingly, further increments of  increases total cost due exceeded the maximum concurrent demand value at any hospital. Consequently, the total number of UAVs required remains constant, and the additional cargo capacity available remains unused. Note that greater  values would likely further increase vehicle costs . Such relationship has not been factored in this sensitivity analysis. 

[bookmark: _Ref14094414]Table 3 CPLEX model results when the maximum hub number constraint in equation (2.3) is relaxed.
	UAV Model
	Optimal Number of Hubs
[-]
	Number of Vehicles [-]
	Increase in Hub Costs
[]
	Reduction in Vehicle Cost
[]
	Net Reduction in Cost []
	Total Cost
[]
	Total Cost Reduction []

	
	
	
	
	
	
	
	
	

	M2 Matternet
	6
	0
	30
	58,000
	110,000
	52,000
	402,600
	51,730

	Wingcopter 178
	6
	0
	27
	46,000
	90,000
	44,302
	552,423
	89,725

	Wingcopter 178 HL
	6
	0
	18
	46,000
	60,000
	14,000
	462,300
	14,200


A further run is carried out for , with results summarized in Table 3. For all UAV models, the increased cost of setting additional hubs is compensated by a reduction in the number of UAVs required. As a result, all instances select the hospitals as hubs, driving down total cost. Changes in the generalised and battery costs are negligible.

[bookmark: _Ref14095104]Table 4 CPLEX model sensitivity analysis.
	Hospital Hub Cost 
	Hospital Hub Capacity 
	Drone Cost  

	 [£]
	[£]
	Hubs[-]
	 [£]
	[£]
	Hubs[-]
	 [£]
	[£]

	17,000
	462,293
	CW, KC, NM, RF, RL, QN
	10
	547,555
	CW, KC, NM, RF, RL, QN, TT
	20,000
	476,500

	20,000
	480,293
	CW, KC, NM, RF, RL, QN
	20
	467,293
	CW, KC, NM, RF, RL, QN, TT
	18,000
	426,293

	30,000
	515,475
	CW, KC, RF, TT
	30
	462,293
	CW, KC, NM, RF, RL, QN
	16,000
	390,293

	40,000
	545,475
	CW, KC, RF, TT
	40
	462,255
	CW, KC, NM, RF, RL, QN
	14,000
	350,475

	50,000
	545,675
	KC, TT
	50
	462,251
	CW, KC, NM, RF, RL, QN
	12,000
	308,475

	60,000
	565,675
	KC, TT
	60
	462,251
	CW, KC, NM, RF, RL, QN
	10,000
	276,475

	70,000
	575,675
	KC, TT
	70
	462,251
	CW, KC, NM, RF, RL, QN
	8,000
	222,675

	80,000
	585,675
	KC, TT
	80
	462,251
	CW, KC, NM, RF, RL, QN
	6,000
	172,675

	90,000
	595,675
	KC, TT
	90
	462,251
	CW, KC, NM, RF, RL, QN
	4,000
	122,675

	100,000
	605,675
	KC, TT
	100
	462,251
	CW, KC, NM, RF, RL, QN
	2,000
	726,75


The solutions suggest that establishing smaller distribution hubs is more beneficial to the overall system performance. In all scenarios, with the exemption of the M2 model when , hospital candidates are selected by the algorithm over existent blood distribution systems despite the additional setup costs. The same behaviour is observed when hub capacity  in Table 4. This suggests that the benefits of selecting optimal hub locations outweigh initial economical disadvantages.
We further investigate the effects of varying initial hospital setup costs  in Table 4 and Figure 4c. Logically, any increment in  results in higher total system costs, despite reducing the number for hospital hub candidates designated. For , only Kings College Hospital (KC) and Tooting B&T (TT) are selected. KC provides a centralised hub location to ensure network viability. 
Our analysis also indicates operational costs are significantly lower than the initial cost of purchasing the vehicles and establishing the supportive infrastructure. As shown in Table 4, the vehicle cost  has a large impact total system cost. Therefore, as UAV cost decreases the viability of the proposed system would increase dramatically. 
Baseline Scenario Comparison
A baseline scenario problem is developed where ground vehicles deliver the urgent blood samples that imitate the current healthcare logistics structure. In doing so, a modified version of the proposed formulation shown in equations set (4) is derived based on the following assumptions:
· The two B&T serve as the only network hubs. Therefore,  is the only decision variable. 
· The fleet is homogeneous, and we test two different vehicle types: a Yamaha FJR 1300 or a Ford Focus (UK Emergency Vehicles, 2019). The corresponding emission costs are monetized in the new objective function to reflect the benefits of using battery powered UAVs. Furthermore, the fleet is owned by the NHS and hence no vehicle costs are incurred. 
· The generalized travel cost is approximated using the average commuting times between each origin destination pair based on traffic congestion patterns and traffic restrictions. 

Link Parameters:
	Commuting time of travelling from each hub  to each hospital [hour]

The rest of the parameters are carried forward from the previous formation.
	
	

	(4)

	
	
	(4.1)

	
	
	(4.2)

	
	

	(4.3)



Where  represents the fuel cost, and  denotes the carbon emissions monetary cost for road vehicles. The number of constraints is reduced to (2.2, 2.4-2.6). Constraints (2.1) and (2.3) are no longer applicable because the number of hubs is now fixed, and these are assumed to have a very large capacity in comparison to concurrent demand levels. The baseline scenario road distance and commuting times  are been obtained using the Here routing API (Here, 2019). The rest of the parameters estimated are included in Table 5.
[bookmark: _Ref14164690][bookmark: _Ref14164681]Table 5 Baseline scenario modified parameters
	Parameter
	Symbol
	Yamaha FJR 1300 (YM)
	Ford Focus (FF)
	Reference

	Maximum vehicle range [km]
	
	370
	700
	(Motorcycle Market, 2019; Sherwood Ford, 2019)

	Vehicle capacity in blood units [blood units]
	
	6
	10
	(Wright et al., 2018)

	Fuel consumption [L/km]
	
	0.068
	0.067
	(Motorcycle Market, 2019; Sherwood Ford, 2019)

	Fuel cost [£/L]
	
	1.2
	(Bailey, Qurashi and Yuan, 2019)

	Emissions [kgCO2e/km]
	
	0.153
	0.120
	(AECC, 2008; Europe Energy Portal, 2019)



We compare the Wincopter UAV systems and the baselines. The results are presented in Figure 5. Note that Matternet’s M2 model is not considered as a reference because its operational range is not viable.
[image: ] [image: ]WC – Wingcopter 178; WC-HL – Wingcopter 178HL; YM – Yamaha FJR 1300; FF – Ford Focus


(a)  Operational Cost Comparison.
(b)    Operational Cost Savings Comparison under different weather conditions.

[bookmark: _Ref14365451]Figure 5 Vehicle mode cost and savings comparison.

Both Wingcopter models provide significant reductions in operational costs compared to the baselines. The greatest improvement is found between the Yamaha and the Wingcopter 178HL, with the operational cost of the Yamaha FJR300 being approximately three times higher. An important distinction is the large energy/fuel costs savings of ~90% estimated using UAVs. Furthermore, the travel generalized costs of using UAVs is approximately 40% lower than road transport. 
It is important to note that the presented results are based on concurrent demand levels. If the annual difference between the compared models is considered, the monetary difference becomes even more substantial. Figure 5b) presents the estimated yearly savings under different annual weather previsions based on the recorded number of days of rainfall in London (Kew Gardens weather station) between 1981 and 2010. It is assumed that hospitals would revert to existing delivery methods should weather impede drone flight.
Discussion
The results obtained in this study highlight the economic viability of inter-urban UAVs-based hospital deliveries. Against the baseline scenario, both UAVs outperform road-based transport modes in terms of energy and travelling costs. Note that the estimate is conservative, as the inclusion of vehicle maintenance and labour costs should further increase cost savings as UAV networks require fewer personnel for operation (Wright et al., 2018). Moreover, if a carbon emission charge is imposed by the UK government, additional financial savings would emerge from using battery-powered UAVs.
	Hub location and payload capacity emerge as the most significant factors conditioning overall system cost between UAV platforms, provided the UAV range is sufficient to travel to each hub and hospital. Payload capacity is highly dependent on expected demand, as a minimum cost solution was found at . Lower  values increased cost significantly, while larger values resulted in less pronounced cost increments.
	Another interesting result is the hub selection variation with hub capacity . For , all hubs selected were hospitals – no blood bank was selected despite their lower hub establishment cost. These results align with the recommendations outlined by BSMS (2015) to reduce wastages, as they suggest that hospitals should hold larger stocks. The proposed on-demand system also supports the BSMS strategy by providing an agile response to changes in demand and facilitating the movement of blood components between NHS facilities.
While the model presented has highlighted the many advantages to develop a UAV-based inter-hospital blood delivery network, several limitations preclude its application today. Firstly, despite reasonable assumptions regarding airspace corridor design based on urgency and public use, the feasibility of such approach must be investigated further given the high airspace congestion levels and associated risks estimated. 
While exemptions to aviation regulations have been provided for testing purposes (Nesta, 2018), the application envisioned in this paper would require on-demand clearance. Platforms such as OpenSky and Unifly aim to provide Unmanned Traffic Management capabilities in collaboration with Civil Aviation Authorities, but have yet to be applied at scale (Unifly, 2019; Wing, 2019). Wing, the commercial cargo delivery by Alphabet, was given air carrier certification in 2019, permitting them to deliver goods commercially (Chappell, 2019).
The initial investment required to develop the network, and requirement to train current staff prove important barriers to overcome. As highlighted by Stander (2012), current strategies to reduce wastages involve improving inventory procedures, staff training, and increase inter-hospital collaboration, which incur lower risk than developing a UAV delivery network.
Moreover, despite blood delivery systems already in operation (Bright, 2019), the negative public perception of UAVs delay their implementation, with most concerns related to safety, security and privacy (Kwon, Kim and Park, 2017; Government Computing, 2019). 
Persistent UAV flight presents safety risks to the population that must be considered before deployment. While avoidable in rural areas, drones will fly over populated areas, posing a risk of damage and noise nuisance. EASA is currently developing regulation to minimise the risks after a collision and loss of control, which include the development safe recovery systems that rely on external systems such as GNSS (EASA, 2017). 
In the United States, NASA is developing the Unmanned Aerial System Traffic Management (UTM) to enable large scale small drone operations (Prevot et al., 2016). Within its capabilities, the UTM system will plan urban drone flights in real-time and provide contingency volumes to manage risk (Chakrabarty et al., 2019). Therefore, we expect that many concerns regarding drone operation safety will be addressed in due course by the relevant regulatory bodies.
The presented case study suggests that no congestion will be present at the hubs, as 15 UAVs will approximately take off and land in 4 hours. Assuming that flights are randomly distributed within the 4-hour horizon, there is 12% probability that at least 2 flights will take place within the same 5-minute window. 
However, this analysis considers demand to be deterministic. Under stochastic demand levels, a safety blood stock and buffer drone capacity may be necessary to cope with unexpected peaks in demand, leading to increased investment requirements and likelihood of congestion at hubs. Further modelling and simulation of the operational aspect of the deliveries is required to ensure this is indeed the case. We intend to explore this topic in our future work. 
Further simplifications have been made related to weather, which affects battery consumption patterns and may alter UAV performance. Given the strategic nature of this study, calm weather conditions are assumed. The accurate estimation of weather effects on battery expenditure and cost necessitates extensive data collecting and testing, which may constitute future work. 
The presented problem instance would be transformed to a stochastic problem where  and  have an associated uncertainty parameter, which would relate to performance variations due to weather. The magnitude of the variation would depend on the evaluated weather conditions: temperature affects battery performance and lift generation (Chen and Li, 2014), while wind and humidity disrupt UAV flight and control (Ranquist, Steiner and Argrow, 2016).
Conclusions	
Considerable effort is being invested to design the frameworks and technologies to encourage the widespread use of UAVs, including airspace management originations (US Federal Aviation Authority or European Aviation Safety Agency), companies (Zipline, Amazon, Google), and other public organisations (Nesta UK). Given the light payloads and reliability of UAVs, urgent delivery has been the focus of practitioners and researchers alike. In response, this paper presents a unique strategic model which serves to quantify the costs of developing a long-term UAV-based blood delivery system in urban environments. 
	Our case study based in London demonstrates that UAVs present numerous advantages in comparison with traditional road transport. With operational costs savings of up to 300%, depending on UAV model type and operational parameters, such as vehicle range and payload size, the UAV-based model increases service reliability (lower variability in travel time) and overcome initial investment. Furthermore, our study suggests that CO2 levels may be reduced, which aside from environmental benefits could result in further monetary savings if carbon emission taxes are implemented. However, it is important to note that the aim of the study is not to present a holistic emissions assessment framework for UAVs.
	The encouraging results obtained regarding the potential savings of UAV systems sets the basis for pursuing a more detailed analysis of the secondary costs such as labour and vehicle maintenance costs as more data becomes available. The model proposed could also be extended to explore if any additional benefits arise from considering heterogeneous vehicle fleets. Additionally, when the current Air Traffic Management research efforts materialise, the model could also be adjusted to incorporate vehicle routing capabilities in which trajectories that fulfil new regulations.
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