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ABSTRACT Increasing use of Unmanned Aerial Vehicle (UAV) in urban environments poses to an increased
risk of fallen UAVs impacting people and vehicles on the ground, as well as colliding with manned aircraft
in the vicinity of airports. Risk management of UAV flights for safe operations is essential. We proposed
a comprehensive risk assessment model for UAV operation in urban environments. Three risk categories
(people, vehicles, and manned aircraft) were considered and each risk cost was quantified using collision
probability. We adjusted the risk costs in various magnitudes to a same scale and conducted a sensitivity
analysis to determine the optimal coefficients of the three risk cost models. We then computed the total risk
and generated a risk cost map for path planning. Modified path planning algorithms were used to produce
a cost-effective path, and we compared their performances in terms of total risk cost and computational
time. Lastly, we performed simulations to validate the feasibility and effectiveness of our proposed risk
assessment model. The results show that the risk-cost-based path planning method can generate safer path
for UAV operations than the traditional shortest-distance-based method. Our proposed model can be extended
to complex urban environments by including more relevant parameters and data.
INDEX TERMS Unmanned aerial vehicle, risk assessment model, risk cost map, path planning, urban
environments.
I. INTRODUCTION

The UAV industry has been growing in recent decades. UAVs
are used for various purposes in urban environments, such
as traffic monitoring [1], photography, and weather forecasting [2]. They are also a core component of Urban Air
Mobility (UAM) [3] and plans for smart cities in the near
future [4], [5].
However, the increase in UAV operations in urban low
altitude airspace may increase the risk of drone accidents.
UAVs in urban areas may fall and hit people and vehicles
on the ground [6], [7]. UAVs may also intrude into airport
airspaces [8]. An aspect of safe UAV operations would be
to prevent UAVs from flying over high risk areas, such as
densely populated areas and airports.
Geofencing is one way to do so [9]. Airspace can be
segregated into different risk areas, and UAVs would only be
allowed to operate in designated safe airspace. However, this
The associate editor coordinating the review of this manuscript and
approving it for publication was Yang Tang
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is not feasible in cities like Singapore [10] where available
airspace for UAV operations are already very limited.
An alternative way would be by airspace utilization – using
risk cost map for UAV path planning to avoid high-risk areas.
The concept of risk cost and risk cost map has been studied
in safety management and risk assessment [11], [12], and
some researchers have introduced risk cost map into UAV
path planning [13]–[15]. Primatesta et al. [13] proposed two
algorithms for UAV path planning based on risk awareness to
tackle dynamic risks and threats in operation environments.
Primatesta and another team [14] studied the possible risk factors in urban environments for UAV operation. Wu et al. [15]
proposed a 4-D UAV path planning method based on risk cost
map to enable UAV to fly along the cost-effective path. However, these papers focus on designing UAV operation rules
and do not model risk events related to urban characteristics.
Some researchers have studied obstacles, weather conditions, and other vehicles on the ground [16]–[18] as possible threats. In urban environments, however, additional
threats have to be taken into consideration for risk-based path
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planning. These include people and vehicles on the ground,
and manned aircraft in airport areas. Other researchers have
conducted population-related risk assessment for UAV path
planning in terms of emergency landing [19], and trade-off
between population risk and flight cost [20]. However,
few researchers have considered the threats of falling UAV
impacting ground vehicles, UAV entering controlled airspace
and colliding with manned aircraft, or incorporating all these
risks to generate a risk cost map for the complex urban
environments.
Apart from the risk assessment models, another challenge is the method for risk-based path planning. Existing methods are based on graph search algorithms (such
as Dijkstra algorithm [21], heuristic A∗ algorithm [22],
genetic algorithm [23]) or sample-based ones (such as Probabilistic Roadmaps [24], Rapidly-exploring Random Trees
(RRT) [25]). As a global optimization algorithm, ant colony
algorithm [26] also performs well in UAV path planning
problems. However, traditional algorithms, like A∗ and ACO,
often encapsulate the distance in the heuristic function and
may not consider the risk a path contains.
To address the gaps in the literature mentioned above, a risk
assessment model and risk-based path planning method is
proposed in this paper. Our main contributions of the present
work are listed as follows:
(1) We develop risk models for UAV collision with people
on the ground, vehicle, and manned aircraft. Expected fatalities, collision frequency, population density, distribution of
ground vehicle, as well as UAV performance parameters are
considered in the modelling of different risk costs.
(2) We propose a comprehensive risk assessment model.
The model incorporates evaluation standards and sensitivity
analysis on risk coefficients to quantify multiple risks in
urban environments.
(3) Three path-planning algorithms are used and compared
in this work to generate paths with low risk cost and to
evaluate their strengths and weaknesses in different scenarios.
The rest of this paper is organized as follows:

UAV impacts people on the ground, UAV impacts ground
vehicles, and UAV collides with manned aircraft in the vicinity of airports. Second, we develop three risk assessment
models to quantify the costs of each risk. Third, we aggregate
all the three risk costs as a total cost value. Fourth, we generate risk cost map. Selected urban areas are meshed and the
risk cost of each cell will be computed and presented in the
map.
With the risk cost map, the UAV cost-effective path planning will be developed by using algorithms of standard Dijkstra, modified A∗ , and modified ACO. Instead of minimizing
the total distance, the objective of the proposed algorithms is
to find the risk-cost-effective path.
We conduct two groups of simulations to verify the feasibility of proposed models. The first group involves simulations of UAV path planning in different situations considering
all three risks. The second group involves four simulations
with different combinations of the three risk types to help us
understand the influence of risk cost type on the result of costeffective path. We will discuss the analysis of the simulation
results at the end of this paper.
III. RISK ASSESSMENT MODELS

II. METHODOLOGY

This section describes the concept of risk cost map. We analyzed and modelled the derived risks in urban environments,
with two caveats:
(i) The risk of UAV impacting ground buildings is not
considered in this study;
(ii) The density of people on the ground, vehicles and UAV
are regarded as uniform distribution.
Three main risks are considered: people on the ground,
vehicles, and manned aircraft. The risk cost map incorporates
all three risks.
Figure 2 shows an example of path planning based on a risk
cost map. The map is formed with links and nodes. Each link
has a risk cost value computed according to the risk severity
within the specified area. The risk cost value is presented
in a colour spectrum, with red representing a high risk cost
and blue representing a low risk cost. The arrow with a solid
line shows the path with the shortest distance from origin to
destination. The arrow with a dashed line is the cost-effective
path. This path avoids the high-risk cost areas and has a
risk cost that is much lower than the path with the shortest
distance.
The key objective of our work is to model and generate the
risk cost map, then producing the cost-effective path using
modified algorithms.

The overall framework of the paper is presented in Figure 1.
Our risk assessment models generate a risk cost map, which
can then be used to plan the risk-cost-effective path. Simulations with different situations and combinations of risk types
are presented to demonstrate the feasibility and effectiveness
of proposed models.
As depicted in Figure 1, there are four steps for the modelling of risk cost map. First, we analyze risks in urban environments where UAV operates. Three risks are considered:

UAVs in the air may lose control or power and fall to the
ground, potentially hurting people below (see Figure 3).
We modelled the risk cost of a UAV hitting people on the
ground according to the three components of a crash incident:
(a) a UAV malfunctions and falls; (b) the UAV impacts people
on the ground; and (c) the people on the ground injured by the
UAV.

- Section II presents the overall methodology of this work.
- Section III presents the risk cost modellings.
- Section IV presents the path planning method and algorithm.
- Section V presents the simulation studies and results.
- Section VI provides a summary of our work.
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FIGURE 1. Overall framework of the proposed work presented in this paper.

FIGURE 3. UAV above people on the ground.
FIGURE 2. Illustration of risk cost based path planning showing a
cost-effective path generated by avoiding the high risk cost area.

The number (M ) of people hit by falling UAV in Eq. (1) is
the variable of population density, defined as

The expected fatality of UAV impacting people is defined
as the number of fatalities per hour as given by
Pevent−1 = Ppeople = λMF

(1)

where Pevent−1 is the expected fatality of event 1 associated to
people on the ground in the present work, λ is the probability
of crashing UAV per flight hour, M is the number of people
hit by falling UAV, and F is the fatality rate associated to the
function of kinetic energy, i.e. falling height and weight of the
UAV.
150164

M = AρP

(2)

where A is the exposed area in which UAV hitting the ground,
and ρP is the population density.
The vertical force of falling UAV can be evaluated by [27]
1
Fd = RI AρA v2rel
(3)
2
where RI is the drag coefficient related to the UAV type,
ρA is the density of air, and vrel is the actual air speed of falling
UAV.
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TABLE 1. Sheltering coefficients (values extracted from [14],
proportionally).

FIGURE 4. UAV above ground vehicles.

Then the acceleration of UAV is
a=

RI AρA v2rel
Fg − Fd
=g−
m
2m

(4)

where Fg is the gravitational force, Fg = mg.
The velocity of UAV hitting on the ground is
s
!
Z t
hRI AρA 
RI AρA v2rel
2mg 
v=
g−
dt =
1 − e− m
2m
RI AρA
0
(5)
where h is the falling height of UAV above the people on the
ground.
The impact kinetic energy of the falling UAV is known as
Eimp =

1 2
mv
2

(6)

A sheltering coefficient cs considers the buffering effects
of buildings and trees softening the ground impact to people
from drones falling out of the sky [14]. By adopting the limits
suggested in [28], cs ∈ (0, 1], the range takes an average
value of 0.5, with higher values meaning better sheltering and
a lower probability of fatality for the same kinetic energy.
By incorporating the sheltering effects to the impact kinetic
energy, the fatality rate of impact F can be obtained as [28]:
1

F=
1+

q

1

(7)

b d 4cs
d ( Eimp )

where b is the impact energy that might cause 50% fatality
with cs = 0.5, while d is the impact energy threshold required
to cause fatality as cs approaching zero (see Figure 2 in [28]).
The values of cs shown in Table 1 are applied in the present
work.
B. RISK MODEL PERTAINING TO GROUND VEHICLES

UAVs may fall and compromise the safety of road traffic (see
Figure 4).
Similar to the modelling for people on the ground, there
are also three components to a crash incident on road traffic:
(a) a UAV malfunctions and falls; (b) the UAV hits a ground
vehicle; (c) the crash incident causes a traffic accident which
subsequently injuries people.
VOLUME 8, 2020

The expected fatality of UAV impacting a ground vehicle
can be defined as the number of fatalities per hour caused by
falling UAVs as
Pevent−2 = Pcar = λCT

(8)

where C is the probability of falling UAV hits a vehicle, T is
the number of fatalities caused by the average car accidents.
The probability of UAV hitting a ground vehicle can be
defined in terms of the ratio of the total areas of all vehicles
projected and the total road area covered. The probability C
is expressed as
C=

Scar N
Sroad

(9)

where Scar is the vehicle’s projected area on ground and N
is the number of vehicle. Note that N = KL and Sroad =
LDroad , where K is the traffic density (the number of vehicles
per unit length of road), L is the length of road, and Droad is
the width of road considered.
C. RISK MODEL OF MANNED AIRCRAFT

The safety issues of collision between manned aircraft and
UAV are crucial to the UTM-ATM integration [29]. Thus,
we also consider airports as one of the risk areas.
The incidence of collision between manned aircraft and
UAV can be defined as the number of collisions per flight
hour of UAV as given by
(10)

Pevent−3 = Paircraft = VUW

where V is the volume of space swept by the collision box
of aircraft in take-off or landing phases, U is the density of
UAV operations in airspace, and W is the number of manned
aircraft departure/arrival in unit time period.
Figure 5 illustrates a UAV (as a point mass) intruding the
collision box of the manned aircraft. The length, width, and
height of the collision box are el , ew , eh respectively.
UAV near airport always operates in low altitude airspace.
Thus, we only consider the take-off and landing phases of
manned aircraft in our model. The velocity of manned aircraft
in such phases can be denoted as
vA (t) = σ t + µ

(11)

where t is the time, σ is coefficient, and µ is a constant.
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The adjust coefficient ωk is used to uniformize all risks and
the final risk cost for each category is expressed as
Rk = ωk fk = ωk

Pevent−k
Ptarget−k

(18)

All three types of risk are aggregated as a total risk cost.
The total risk cost of a link, consisting of all risks within its
safety boundary, is given by
X3
Rtotal =
ak Rk
(19)
k=1

where ak is the variable and ak = {0, 1}. If a particular risk
is not in the safety boundary of the link, its cost will not be
accounted for the total cost Rtotal . In this case, ak = 0.

FIGURE 5. Collision model of manned aircraft and UAV.

We next define vrh and vrv as the relative velocities between
manned aircraft and UAV in terms of oxy coordinate system
and z axis, which are given respectively by
q
vrh = (vA cos θ)2 + (vB cos γ )2 +2vA cos θvB cos γ cos ε
(12)
vrv = vA sin θ − vB sin γ
(13)
where θ is the angle between take-off/landing flight path and
coordinate system oxy, γ is the angle of UAV speed in oxy
axis, and ε is the projected angle between manned aircraft
speed and UAV speed. Assuming the speed direction of UAV
is uniform distribution, γ and ε will distribute uniformly in
[−π/2, π/2] and [0, π], respectively.
By combining Eq. (12) and Eq. (13), the relative velocity
between manned aircraft and UAV is given by
q
vr = v2rh + v2rv
q
= v2A +v2B +2vA vB (cos θ cos γ cos ε−sin θ sin γ ) (14)
The average relative velocity E(vr ) between manned aircraft and UAV can then be obtained by [30]:
R t R vBmax R
Evr =

0

vBmin

π
2

− π2

Rπ
0

vr dεdγ dvB dt

t(vBmax − vBmin )π 2

(15)

Assuming that the flight path along with x axis, the volume
of space V swept by the collision model in Eq. (10) can be
expressed as

V = ew eh Evr t + el
(16)
D. TOTAL RISK COST MODEL

To evaluate the events after calculating each type of risks,
the target level of safety is introduced for each event k,
defined as Ptarget−k and is used as an evaluation standard. The
risk level, defined as fk , can be then obtained as
fk =
150166

Pevent−k
Ptarget−k

(17)

IV. COST-EFFECTIVE PATH PLANNING METHOD

In this section, we describe three path planning methods
(Dijkstra, A∗ and ACO) for producing the cost-effective path.
A. PATH PLANNING METHODS

The risk cost map is generated by meshing the areas of
concerned and by incorporating their risk cost information.
Instead of finding the shortest route, our path planning methods find a cost-effective path that minimizes the total operational risk cost in urban environments. By defining Rtotal(i,j)
as the risk cost of box (i, j), the risk cost matrix is


Rtotal(1,1) Rtotal(1,2)
Rtotal(1,n)
·
·
·
 Rtotal(2,1) Rtotal(2,2)
Rtotal(2,n) 


R=
 (20)
..
..
..


.
.
.
Rtotal(m,1) Rtotal(m,2)
· · · Rtotal(m,n)
Then total cost of a path can be calculated as
X
RL =
RLtotal(x,y)
(x,y)∈0L

(21)

where 0L is the set of box areas that the UAV path L travels.
B. MODIFIED A STAR ALGORITHM

Our modified A star (A∗ ) algorithm finds an optimal path
with the least risk cost. Standard A∗ algorithm originates
from Dijkstra algorithm, where the heuristic factor is zero.
We modified the A∗ algorithm by devising a novel heuristic
function. The heuristic distance used in this function is neither
the Manhattan distance nor the Euclidean distance as the risk
costs in the map is non-uniformly distributed in each cell.
The heuristic distance used in the modified A∗ is defined as
Euclidean distance products a coefficient wh which equals to
the minimal risk cost (>0) in the entire map. The modified
cost function is denoted as:
f (x) = g (x) + wh h(x)

(22)

C. MODIFIED ANT COLONY ALGORITHM

As a global optimization algorithm, ant colony algorithm (ACO) is commonly used in searching the shortest path.
We modified the ACO to find a cost-effective path.
VOLUME 8, 2020
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To reduce the computational complexity, the ants may not
need to search all links in the risk cost map. Ants store
pheromones in links and head to those with higher levels of
pheromones. In this case, the state transition probability is
presented as
pf (g) = P

[τf (g)]α (ηg )β

δalternative [τδ

(g)]α (ηδ )β

,

g = 1, 2, . . . , gmax
(23)

where gmax is the maximum times of iterations, pf (g) is the
probability of path point f been selected at the iteration g,
τf is the pheromone of path point f , α is the effective factor
of pheromone, and β is the effectiveness of heuristic factor.
Note that ηf is the heuristic function ηf = 1/C ij , where Cij is
the risk cost between adjacent grid in the risk cost map. Here,
alternative is the set of path points which can be chosen at
next step.
The pheromone is used to connect the solutions in different iterations, as the ants of next iteration will choose
their path depend on the pheromone of the current iteration.
The pheromone will be updated after all ants completed
their searches, and the strategy of pheromone updating is as
follows:
τf (g + 1) = (1 − ρ) τf (g) + 1τa ,

f ∈ a

FIGURE 6. City areas (with different flight conditions) considered for
simulations.

(24)

where ρ is pheromone evaporation factor, a is the combination of path points traveled by ant a, and 1τa is the
increment of pheromone that ant a released on its path.
To further enhance the influence of excellent solutions, only
the pheromone released by those ants that can successfully
reach the destination contributes to the pheromone matrix.
Therefore, the increase of pheromone information for ant a
is given by

 Q , ant a reached destination
1τk = Ca
(25)

0,
others

FIGURE 7. The feature of aerodrome (top view).

1) GENERATION OF AERODROME ALERT ZONE

where Q is pheromone constant and Ca is the total risk cost
of path that the ant a has traveled.
V. SIMULATION STUDIES

We performed simulations to study and compare three representative urban environments, three path planning methods
and four different risk combinations.
A. GENERATION OF RISK COST MAP

A sample urban area of a city in China (20 km × 20 km)
is selected in the following simulations. The urban environment consists of eight districts, seventeen main roads, and
an aerodrome alert zone. The simulation area covers three
flight areas downtown area (blue square), sparse area (green
square), and aerodrome area (purple square). The whole area
is meshed as the risk cost map (m × n = 20 × 20 km2 ), and
the size of each box is 1 km × 1 km as shown in Figure 6.
VOLUME 8, 2020

We propose a polygonal alert zone related to approach (precision and non-precision) and departure procedure that considers different runways and their directions. Figure 7 depicts
the feature of the aerodrome case.
Minimum Obstacle Clearance (MOC), a safe buffer distance to ensure aircraft fly over obstacles without collisions, is a useful measure in the context of standard
instrument departure and precision approach procedure. For
non-precision approach procedure, Obstacle Clearance High
(OCH) is the minimum high of manned aircraft above the
ground.
Figure 8 shows the position relationship between manned
aircraft and UAV in take-off and landing phases. Note that
UAV can be seen as an obstacle and may exert effect on
aircraft’s operation, and D is the maximum distance from
the runway that might cause manned-unmanned aircraft
collision.
150167
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The gray circle is the conventional alert area, while the
polygon outlined in red is a reduced alert area. In contrast to
planners that consider airports as obstacles to entirely avoid,
our proposed risk-based method can significantly reduce the
aerodrome alert area (see Figure 9) to provide more available
airspace (68.81%) for UAV operations. This will enable more
area for path planning, reducing the path distance while minimizing the risks.
Our improved aerodrome alert zone increases the efficiency of UAV operations in urban environments with limited
low airspace without compromising safety.
2) RISK LEVEL OF PEOPLE, VEHICLE AND AIRPORT AREAS

FIGURE 8. Illustration of the position relationship between manned
aircraft and UAV in the phases of departure and approach.

FIGURE 9. Improved aerodrome alert zone (top view).

To obtain a safe value of the length (D) of alert zone along
the runway center line, an appropriate value of the height
of UAV above the ground is the highest altitude allowed to
fly, h = 60 m [31]. Then according to the aerodrome’s
report [32], D in the direction of northwest is 3.23 km while
the other side is 2.58 km.
The value of the width of alert zone equals to
‘‘DMOD’’ [33]. DMOD is about 0.56 km around the center
of the host aircraft. Commercial aircraft operating within the
terminal airspace generally follow a fixed path with little
deviation. Therefore, we can consider the center of the host
aircraft as the runway extension center line in the phases of
approach and departure.
After the analysis above, the boundary of aerodrome alert
zone based on the length and width can be obtained, as shown
in Figure 9.
150168

The basic parameters used in the modelling are (i) gravitational acceleration g = 9.8 m/s2 , (ii) air density ρA =
1.225 kg/m3 , and (iii) performance parameters of DJI Phantom 4 PRO (one of the most commonly used UAVs) [34]:
weight m = 1.38 kg, maximum UAV operation velocity
vBmax = 50 km/hr, minimum UAV operation velocity
vBmin = 12 km/hr, and incidence of crashing UAV per flight
hour λ = 6.04 × 10−5 [35].
Table 2 presents the risk level of impact posed to people
on the ground. The risk levels are calculated using Eq. (1),
Eq. (17), and the parameters in the risk model pertaining to
the people on the ground [14], [27], [34], [36] (the exposed
area of UAV hitting the ground A = 0.0188 m2 , drag coefficient RI = 0.3, impact energy b = 106 J that might cause
50% fatality as sheltering coefficient cs = 0.5, impact energy
threshold d = 232 J that can cause fatality as cs approaching
zero).
Table 3 presents the risk level of impact on ground vehicles.
This risk level is calculated using Eq. (8), Eq. (17), and related
parameters referred from [39]–[42] (vehicle’s project area on
ground Scar = 9.68 m2 , traffic density K = 0.07 vehicle/m, number of fatalities caused by average traffic accident
T = 0.25).
Table 4 presents the risk level in aerodrome areas. This
risk level is calculated using Eq. (10), Eq. (17), and parameters referred from [30], [44] (the length, width and height
of collision box, el = 0.038km, ew = 0.032km, eh =
0.010km; the coefficient and constant in Eq. (11), σ = 1673,
µ = 220, respectively; the angle between take-off/landing
flight path and coordinate system θ = π/6 rad; takeoff/landing time t = 0.2hr; UAV density U = 3.48 × 10−8 ;
number of manned aircraft departure/arrival in unit time
period W = 6).
3) SENSITIVITY ANALYSIS ON COEFFICIENTS (ω1 , ω2 , ω3 )

Based on Eq. (18), the risk cost of each category is dependent
upon the coefficients (ω1 , ω2 , ω3 ). These coefficients represent the weight of each risk category in the total risk cost.
This section aims to find out the relationship between the
coefficient set (ω1 , ω2 , ω3 ) and the total risk cost, so as to
obtain the optimal coefficient set that minimizes the total risk
cost of a planned path.
VOLUME 8, 2020
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TABLE 2. Risk level pertaining to people on the ground.

TABLE 3. Risk level pertaining to vehicles.

TABLE 4. Risk level pertaining to aerodrome.

FIGURE 10. Threshold of airport coefficient ω3 .

The risk cost posed to manned aircraft is the significant
factor compared with that to people and vehicles on the
ground, as the risk level pertaining to airport has a larger order
of magnitude than that to people and vehicles (see Tables 2, 3,
4). The planned path must not enter airport area once the risk
cost of airport exceeds its threshold which is dependent upon
the coefficient ω3 . Therefore, the ω3 will be first analyzed and
determined while keeping ω1 and ω2 constant.
Assuming ω1 = ω2 = 100, the value interval of ω3 is set
as [1 × 10−3 : 5 × 10−2 ] based on its order of magnitude. The
step size of ω3 is 1 × 10−3 . For each set, the input is the set of
(1, 1, ω3i ) and the output is the set (1, 1, ω3i , R(total)i ). Rtotal
will be different due to the following two factors:
a. Combination factor: The different combination of the
coefficients (ω1 , ω2 , ω3 ) may leads to different optimal
path, and that (sensitivity) will result in a different
Rtotal ;
b. Scaling factor: The scale of individual coefficients will
also lead to different Rtotal for each set in same flight
conditions (same OD pairs).
Next, we investigate the sensitivity of the combination
factor (factor a) by excluding the influence of scaling factor
(factor b) and by proposing the following equation:
X X ω1 R1(i,j)
ω2 R2(i,j) ω3 R3(i,j)
+
+
) (26)
Rtotal(i,j) =
(
ζ1
ζ2
ζ3
i
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j

where ζ1 , ζ2 , ζ3 are adjustment coefficients, which are proportional to the increased amount of related cost (ωi Ri ) due
to the change of the coefficients. By assuming the adjustment
coefficients ζ1 , ζ2 , ζ3 equal respectively to ω1 , ω2 , ω3 , the
coefficient ω3 can be obtained as shown in Figure 10.
Figure 10 illustrates a clear threshold (ω3 = 0.03) where
the total risk cost significantly changes from 26.83ξ to ξ (ξ
is the unit of total risk cost). Below the threshold, the total
risk cost remains high because the planned path entered the
airport area, causing the increase in risk. On the other hand,
when ω3 exceeds the threshold, the risk cost of airport area
will be too great to allow any planned path to enter. Instead,
the planned path will go through low risk areas outside the
airport to lessen the total risk cost. In this case, the threshold
of the coefficient ratio is ω1 :ω2 :ω3 ≈ 3333:3333:1 – the path
must not enter airport area as long as ω1 and ω2 are less than
3333 times of ω3 .
Next, assuming ω3 = 1, the total risk cost can be evaluated
by using Eq. (26), given ω1 and ω2 . Assume the coefficients
of people and vehicle to be ω1 = [1:100] and ω2 = [1:20],
while the step size of them to be 5 and 1, respectively.
For each set, the input is (ω1i , ω2i , 1) and the output is
(ω1i , ω2i , 1, R(total)i ). The result is illustrated in Figure 11.
Figure 11 shows that the total cost decreases with (i) an
increase in the people risk coefficient and (ii) a decrease
in the vehicle risk coefficient. There is a significant linear
relationship between ω1 and ω2 (see the line in the concave
area), which generates the lowest total cost value. The linear
relationship is ω1 /ω2 = 15. Therefore, we use the coefficient
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FIGURE 11. Relationship of total risk cost with coefficients ω1 and ω2 .

set (ω1 , ω2 , ω3 ) = (1.5 × 105 , 1 × 104 , 1 × 102 ) as the
optimized set for the risk cost computations in the following
sections.

FIGURE 12. Simulation results of different flight areas.

TABLE 5. Cost-effective path planning results.

B. UAV COST-EFFECTIVE PATH PLANNING BASED ON
RISK COST MAP

To investigate the feasibility and effectiveness of the proposed
risk assessment method, we performed two groups of simulations. First, we conducted risk-based UAV path planning
in different flight areas (downtown, sparse, aerodrome) to
validate that the proposed models can be applied in diverse
urban environments. The performance of the three algorithms
under the same simulation environments were compared in
terms of computational time and quality of paths. Second,
we performed simulations in same flight areas where the risk
cost map varies based on different combination and number
of involved risks. This allows us to analyze the influence of
different risk combinations on the total risk cost.

TABLE 6. Average results of 50 independent runs of modified ACO.

1) PATH PLANNING IN DIFFERENT URBAN ENVIRONMENTS

We conducted simulations in three representative urban environments: downtown area, sparse area (suburban area), and
aerodrome area. Based on that, three missions were planned.
The end points are located in three directions representing
paths to different urban environments. To eliminate the influence of differing initial distance on the final path, the shortest
distance from start point to the three end points are the same
in this study.
In each environment, three algorithms (Dijkstra, modified
A∗ , and modified ACO) are used to produce the cost-effective
path. The basic settings of these algorithm are given as follows:
1) Standard Dijkstra with no modification;
2) Modified A∗ by defining a heuristic distance as
Euclidean distance products a coefficient which equals
to the minimal risk cost (>0) in the entire map.
3) Ant Colony algorithm settings: population size of 20,
pheromone attenuation coefficient of 0.2, pheromone
constant of 100, the effectiveness of pheromone and
heuristic factor of 1, and maximum number of iterations of 100.
150170

Figure 12 and Table 5 show the computational time and
total risk cost of the three algorithms in different flight areas.
Note that due to the randomization of ACO path planning
process, we performed 50 parallel simulations and selected
the best solution as presented in Figure 12 and Table 5.
To demonstrate the robustness of modified ACO algorithm,
50 parallel simulations for three different cases were performed and the results obtained are tabulated in Table 6.
The total costs in the downtown area are the highest among
all three algorithms, while the total costs in the aerodrome
area are the lowest. Downtown areas have high density of
people and vehicles on the ground with hardly any low risk
area for UAVs to operate, resulting in a high total risk. In aerodrome areas, although the collision risk in airport airspace is
high, none of the generated paths entered the aerodrome. The
paths are outside the aerodrome where there are lower risks
of impacting people and ground vehicles. In sparse areas,
the total cost is slightly higher than that of aerodrome area.
Comparing the three algorithms, Dijkstra and modified A∗
both found the lowest risk cost path (having same total risk
cost), while modified A∗ has about half the computational
VOLUME 8, 2020
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FIGURE 13. Total risk cost is compared among the shortest paths and
cost-effective paths using modified A∗ algorithm.
TABLE 7. Total risk cost of different paths.
FIGURE 14. Flight paths considering different combination of risks.

TABLE 8. Comparisons of each risk cost of different paths.

time of Dijkstra. Modified ACO took the least time, but its
performance in producing the cost-effective path is the worst,
especially in sparse and aerodrome areas, with twice the total
risk cost of its path compared to other two algorithms. Therefore, we used the modified A∗ algorithm in the following path
planning studies.
Figure 13 compares the total risk cost of the cost-effective
paths using the modified A∗ algorithm and shortest paths in
the three different urban environments.
In all environments, the path generated by the costeffective path planning method using the modified A∗ algorithm outperforms the one obtained by the distance-based
method. Modified A∗ considers risk cost when performing
path planning and avoids high risk cost areas, while the
distance-based does not and may enter high risk cost areas.
2) UAV PATH PLANNING WITH DIFFERENT RISK
COMBINATIONS

To further understand the influence of risks involved on the
risk cost map and path planning, we conducted simulations in
the same flight areas but with different combinations of risk
types.
Four paths are studied in the simulations: (i) Path A considers vehicle and airport, (ii) Path B considers people and
airport areas, (iii) Path C considers people and vehicles, and
(iv) Path D consider all three risks. Figure 14 and
Table 7 present the simulation results of the four paths.
Path D, which considers all three risks types, is the most
cost-effective path. It has a total risk cost of 855.29. Path A
is the worst, with a 79.04% higher total risk cost than Path D.
As Path A does not consider the people risk in the path
planning, the UAV enters densely populated area where the
risk cost is very high. The risk costs of Path B and Path C are
similar; Path B’s total risk cost is 5.95% higher than Path C’s.
To further understand the differences between these paths
in terms of risk cost, we studied each risk cost (people risk
VOLUME 8, 2020

cost R1 , vehicle risk cost R2 , and airport risk cost R3 ) in
different paths. The results are shown in Table 8.
Let’s take Path C as an example. This path does not
consider the risk associated with airports. The UAV path
entered the airport area, resulting in an airport risk cost R3
of 98.50. On the contrary, Path D planning uses a risk map
that includes airport risk, thereby avoiding this high-risk cost
area, resulting in an airport risk cost of 0.
Paths A and B do not consider people risk and vehicle risk
respectively, which leads to a high risk of the two ignored risk
categories.
VI. CONCLUDING REMARKS

A risk assessment model and a method for risk-based path
planning in urban environments have been proposed and
presented in this paper. To validate our proposed method,
we performed various simulations with different scenarios
and path search algorithms.
Our key findings are summarized below:
(1) Our proposed total risk assessment model quantitatively incorporates and represents risk distribution situations
in urban environments to provide risk data for UAV path
planning.
(2) Our risk-cost method generates cost-effective path for
safe UAV operations in urban environments.
(3) The risk cost pertaining to downtown areas is the
highest, followed by that of sparse area and airport area.
It makes sense because the route changing of drone operations
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in downtown areas is less flexible than that surrounding the
airport area. Note that the influence of risks on path planning
in other urban environments can be different due to different
risk contributions to the cost map.
(4) Modified A∗ performs the best in finding a path with
the lowest risk cost within a reasonable computational time
frame. ACO takes the least time finding a relatively low-risk
path so it can be used for time-sensitive cases.
(5) Better path planning results are achieved when considering more risk types in the total risk assessment model.
To evaluate the total risk, other risk sources (for example,
convective weather) can be incorporated in the risk cost map.
Our proposed methodology can be extended to more complex
urban environments by incorporating other relevant parameters and data in future work.
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