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Abstract—In this paper, we are concerned with exploring the
theoretically and technically research outcomes for the conflict
resolution (CR) of multiple unmanned aerial vehicles (UAVs) by
using the Internet of Things technologies. We propose a satisficing algorithm to mitigate the CR problem of multiple UAVs.
Specifically, we first formulate the CR problem as a game model
and design strategies of the game model based on flight characteristics of UAVs. Next, a satisficing game theory is used to
mitigate the formulated problem. Furthermore, required time
of arrival, which is a new judgment parameter of the strategy
utility, is developed to ensure that the whole system can reach
a socially acceptable compromise. Simulation results verify the
effectiveness and adaptability of the proposed algorithm under
complex environments.
Index Terms—Conflict resolution (CR), cooperative control,
satisficing game theory.

I. I NTRODUCTION
ODAY, unmanned aerial vehicles (UAVs) are finding
increasingly wide utilization in civil aviation and military affairs [1]. Generally, UAVs are controlled and operated
by a centralized ground station, and the operation range
is always limited to urban areas [2]. The Next-Generation
Air Transportation System has proposed a free-flight concept [3], [4], allowing flights (manned and unmanned) to
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change their routes without approval from the centralized management unit. Therefore, navigable aircraft typically employ a
free-flight mode in which the aircraft does not have to travel
along the routes and routes of a series of navigation platforms.
But according to the current situation, custom flight along
the fastest and most economical route. To this aim, decentralized control schemes are urgently required. It is, however,
high challenging to realize the decentralized control of airborne platforms. Internet of Things (IoT) technologies presents
unique advantages in solving this problem [5]–[7]. In IoT technologies, a UAV can act as a mobile aerial [8], [9], which can
sense the surrounding and provide on-the-fly communications
with many other UAVs about their information, to perform
conflict avoidance maneuver autonomously.
Furthermore, the latest investigation by the federal aviation administration indicates that there may be 7 million
UAVs flying in the United States in 2020 [10]. Due to the
complex environment of low-altitude airspace, the security of
low-altitude aircraft is greatly threatened by the constraints
of complex environment given various landform, extreme
weather conditions and air vehicles of all kinds. Thus, the traditional centralized governance method is not suitable for this
conflict avoidance problem. Therefore, requiring decentralized
algorithms to avoid collisions and obstacles may be one crucial issue [11]. Conflict resolution (CR), aiming at providing
effective solutions to eliminate potential vehicle conflicts, is an
important technique to ensure such a safe vehicle operation.
In the last decade, a large number of CR approaches
have been proposed, most of which being mainly focused
on geometric approaches. Geometric approaches utilize the
geometric characteristics of aircraft trajectories to avoid vehicles’ conflict [12]. It uses polynomials to express the solution
of CR. Therefore, it is generalized, high efficient and simple to calculate. Chakravarthy and Ghose [13] introduced a
conflict detection and avoidance method in a 2-D dynamic
environment based on nuclear collision theory. It lays the foundation for geometrics approaches to aircraft CR. Bilimoria [14]
proposed a method that can deduce the geometrical shape of
a conflict scene within a certain time in the future according to the location, velocity, and heading of the aircraft.
Mao et al. [15] proved the closed-loop stability of two intersecting flows of aircraft under decentralized sequential CR
schemes. Tang et al. [16] presented an improved geometric
optimization algorithm for cooperative UAVs sharing a 3-D
airspace. This method aims to provide a feasible optimal trajectory for the selected UAV with a local optimization scope

c 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
2327-4662 
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

LI et al.: SATISFICING CR APPROACH FOR MULTIPLE UAVs

at the operational level. Although most of these approaches
can obtain good performance, they cannot guarantee optimal
solutions under a multiagents scenario.
In past decades, the potential field approach [17] found
widespread use as a navigation method for ground robots
and more recently for UAVs. For example, Eby [18] introduced the potential field method to solve the aircraft conflict
problem. They planned the path of aircraft by the attraction
and repulsion in a potential and vortex field. Xiang et al. [19]
proposed an artificial potential field model that combined turning and evaluation constraints and calculated the influencing
radii of obstacles. For more information, the reader can refer to
[20] and [21] and the references therein. Although the potential
field approach can solve the conflicts of vehicles effectively, it
has some inherent limitations. This method cannot easily find
paths through narrow passages. Additionally, since the potential function requires to be designed heuristically for every
problem, it will be computationally heavy to see them within
obstacle-laden spaces. What is more, the potential field method
will obtain some impractical solutions when turning angles of
vehicles are limited.
Game theory, as a mathematical model for solving conflicts
of interest and optimizing resource allocation, has received
extensive attention in recent decades, which has been deeply
applied in economic policy [22], resource allocation in wireless networks [23]–[26], and task scheduling [27]. The basic
assumption is that the parties in the game refer to their
respective knowledge and the intention of the other party
to perform corresponding operations according to their own
goals. In recent years, the application research of game theory in the field of air traffic is gradually emerging and
has received encouraging initial results. Pappas et al. [28]
proposed a decentralized conflict architecture that views the
aircraft as a hybrid system incorporating both discrete events
and individual dynamics modeled by differential equations.
For CR, noncooperative methods from game theory are used
by each aircraft to search for a velocity change that guarantees separation regardless of the actions of the opponent. The
noncooperative game-theoretic approach is expanded in [29]
to include both path deviations and speed variations. Several
approaches formulate CR as a game [30]–[33]. In their models, individuals are divided into evaders and pursuers. An
evader tries to avoid a collision against all possible pursuer’s maneuvers. Such game-theoretic approach is very useful
for noncooperative cases, where aircraft cannot communicate together, and it also has the advantage of the low time
complexity in practice.
In recent years, Archibald et al. [34] presented a decentralized and multiagent approach based on satisficing game theory
to resolve conflicts in the en-route airspace. Without centralized control or global knowledge, this approach varies from
the perspective of each participant. Satisficing permits group
and individual interests to be reconciled in a single, coherent
mathematical structure. They introduced a new concept-social
utility that represents the influences on the remaining aircraft
from the current strategy. Aircraft avoid conflicts by choosing
a strategy according to this utility parameter. This approach,
however, does not consider the following problems.
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1) Uncertainty factors have not been addressed in conflict
detection.
2) During the process of CR, this CR approach avoids conflicts only through heading-change (HC) maneuvers. In
an air traffic control system, the velocity of a vehicle
plays a crucial role in CR.
3) This proposed method does not consider the complexity
environments, e.g., static deterrents.
In this paper, we propose a decentralized CR approach that
guarantees the safety of a UAV when flying in an environment with the obstacle. It shows that our approach can resolve
the conflict of multiple aircrafts efficiently and is also robust
to complex situations. The contributions of this paper can be
summarized as the following.
1) We formulate a CR problem into a game theory one. The
game neighbors of an aircraft are the aircrafts within
its detection range. Besides, we present a priority ranking mechanism to ensure the success of the updating
strategy.
2) We design mixed strategies of changing both the heading
and the velocity in the game model. These strategies are
related to UAV flight characteristics. Herein, a parameter, required time of arrival (RTA), is developed to
evaluate utilities of strategy by comparing actual flight
time with the RTA.
3) We introduce accessibility scenes and obstacle scenes to
implement our approach, which establishes a complex
environment.
The remainder of this paper is as follows. The next section
describes the system model for this paper. Section III describes
the CR algorithm constructed within the satisficing framework.
Section IV describes the simulator used and presents simulation results from a variety of conflict scenarios. Section V
summarizes our findings and concludes this paper.
II. S YSTEM M ODEL
The prevailing conflict avoidance process is composed of
two aspects: 1) conflict detection and 2) CR. The conflict
detection problem concerns detecting potential conflicts on the
aircraft trajectories and searching for a CR; the CR problem
concerns finding a set of appropriate strategies for each aircraft involved in conflicts that are individual-interest-satisfied
while also being conflict-free globally.
UAV communication plays an essential role in conflict
detection [35]–[37]. We assume that the UAV can collect
information of all other aircraft, obstacles or threats within
a 10 nmi radius (Rd ) using IoT technologies. Each aircraft
is equipped with the global positioning system (GPS) and
automatic dependence surveillance-broadcast that broadcasts
information about its location and intentions to all other aircraft within the radius Rd . This information includes current
position, destination, heading angle, velocity, flight time, and
delay (relative to an unobstructed straight-line flight). There
are two different types of separate violations for aircrafts that
must be noticed, i.e., collisions, when an aircraft comes within
500 ft (Rc ) of another, and near misses, when aircraft are
separated by less than 1 nmi (Rnm ) (as depicted in Fig. 1).
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Fig. 1. Forbidden zone for an obstacle. Near miss and collision zone for an
aircraft.
Fig. 2.

For those deterrents, we only have their location information.
Thus, we just define a forbidden zone (RF ) around the deterrent, as shown in Fig. 1. UAVs are not allowed to fly over this
zone to keep a safe distance to threats.
A. Conflict Detection
For conflict detection, each UAV ensures the potential game
neighbors over IoT technology first. Then, we applied the
closest-point-of-approach (CPA) method to predict the future
position of the potential game neighbors in order to judge the
actual game neighbors. Herein, we also consider that the GPS
system is influenced by wind or other complex environments,
which result in position uncertainty. In this section, we explain
the conflict detection process in detail.
1) IoT Technology: IoT technology is applied in the identification of UAVs’ potential neighbors which are within their
detection range. The specific implementation process is as
follows.
1) UAV A periodic broadcast “hello packets” within the
detection range. The maximum range of signal transmission is defined as the detection range.
2) Individuals within the detection range of UAV A will
receive the packets. For example, after UAV B received
the hello packets, it need to reply an ACK message to the
target UAV. The ACK message include current velocity,
position and heading, destination, flight time, and delay
(relative to an unobstructed straight-line flight).
3) UAV A can know its neighbor UAVs and obtain the
needed information through eavesdropping and parsing
ACK packets.
2) Closest Point of Approach: In our method, we use the
deterministic-type CPA method [38] for conflict detection. We
can extrapolate the UAV’s future condition from the current
state. Let U represent the set of all aircraft within a given
en-route airspace area, where each aircraft ui (ui ∈ U) is
surrounded by two virtual cylinders: 1) the near miss and
2) collision zone. As shown in Fig. 2, Tw represents the predicted time; we forecast the flight path of ui and uj (ui , uj ∈ U;
i, j = 1, . . . , n and i = j) utilizing their current state vectors
in the next Tw time and then calculate the minimum distance dmin (i, j) between these two UAVs within this period.
We define dk min (i, j) as the distance between the starting point
and the location of the aircraft arriving at dmin (i, j). The current position of uic is (xci , yic ), heading angle is Angic ,velocity
is vic ; the predicted position uti can be described as follows:
Tw

uit = xti , yit t=1

Conflict prediction schematic diagram.



xti = vic · t · cos Angic


yit = vic · t · sin Angic .

(1)

A conflict or loss of separation between two aircraft xi and
xj occurs within this area whenever the near miss or collision
zones of the aircraft overlap. We use Rc and Rnm (Rc < Rnm )
to denote the collision radius and near miss radius, respectively. Therefore, a collision event occurs if d(i, j) ≤ Rc ,
and a near miss event occurs if dmin (i, j) < Rnm ; here,
d(i, j) refers to the distance between xi and xj . Ec (i, j) and
collision and near miss event, respectively,
Enm (i, k) denote

and Ei = jk (Ec (i, j) ∪ Enm (i, k)) is all the conflict events
concerning aircraft. In addition, we call Ei the conflict space.
Thus, We represent a conflict event between two aircraft as
Eij = (d(i, j), dmin (i, j)).
During the predicted period Tw s, there may be more than
one conflict risk or collision of xi . Therefore, the set of conflict
events defined as


Ei = Eij |i = 1, . . . , i − 1, i + 1, . . . , N .
(2)
In this way, the CR problem can be described as the game
between xi and its potential conflict set Ei .
3) Position Uncertainty Model: Uncertainty can be modeled using (approximated) probabilistic methods [39]–[41]. In
this paper, we only consider that the GPS system is influenced by wind or other complex environments, which result
in position uncertainty. In the civil field, GPS systems have
a horizontal accuracy of five to ten meters with ninety-five
percent confidence, and the vertical accuracy is approximately
1.4 times the horizontal accuracy [42]. Therefore, small errors
of the GPS may accrue large position uncertainties.
In this section, a simple bivariate Gaussian model is utilized
for the uncertainties. Given independent and isotropic GPS
horizontal accuracies, the UAV position density function p can
be expressed as


p xi , yi , σx , σy =


−
1
e
2π σx σy

(x−xi )2 + (y−yi )2
2σx2



2σy2



(3)

where σx and σy are the standard deviations and s i = (xi , yi )
is the coordinate of the center point of the position uncertainty
model.
Given a normal distribution X ∼ (μ, σ 2 ), we have the
famous 3σ principle, P(μ − 3σ < X ≤ μ + 3σ ) = 99.7%, i.e.,
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if an event X ∈
/ (μ − 3σ, μ + 3σ ], then its occurrence probability is almost zero. Similarly, we apply this 3σ principle in
this paper to restrict the above-mentioned probability circle.
B. Conflict Resolution Model Formulation
The essence of the CR problem is to find a feasible set of
maneuvering strategies for all individual aircraft involved in
the conflict to ensure the safety of the flights. The evolutionary
game is a very natural analysis involving potential conflicts of
interest. The game must be played through interactive negotiation between individuals to reach the theoretical framework
of the group goal problem. Therefore, we propose a decentralized CR method based on game theory. This method not only
solves the flight conflict problem at the group level but also
maximizes the benefits of each aircraft at the individual level.
1) Conflict Game Model: We assume the CR problem as a
cooperative multiagent game model, in which each has a set of
feasible candidate policies. In our model, the aircraft can communicate with each other to obtain flight information of other
aircraft within the detection range over IoT technology [43].
During the forecast period, Ei are a set of aircraft xi involved
in all potential conflicts. In our CR method, the release of Ei
can be regarded as an n-person cooperative game. Game players are UAVs (xi , i = 1, 2, . . . , N) from the candidate strategy
set Si ,sni ∈ Si . P(sni ) denotes the game payoff, which is calculated using the strategy set (sn1 , sn2 , sni , snM ) between xi and its
neighboring aircraft. The conflict prediction function stated
in the previous section can be mathematically constructed as
H : Si ×Sj → W 2 , which maps the two players’ strategy space
to the CR strategy space.
2) Game Neighbor Selection: Using the conflict detection
information, the game neighbors of an aircraft are the aircraft
within its detection range and that have a risk of potential
collision. Thus, how to produce a valid priority ranking of all
aircraft is the essential task.
Herein, we formulate a priority ranking mechanism to
ensure the asynchronous strategy updating order. In our model,
a player with a higher ranking will only satisfy its interests
entirely when making a decision; a player with a lower
ranking is more conflict sensitive and can change its own
optimal choices to benefit the group. Generally, the ranking
is established by an environmental risk assessment, the flight
delay, the remaining fuel endurance and the proximity to the
destination. The rules of status allocation are as follows.
1) For all aircraft in the airspace, we divide them into two
groups, A and B. For each aircraft, if noncooperative
obstacles appear within their detection range, we classify
them as group A, otherwise we classify them as group
B. The aircraft in group A have a higher priority than
the aircraft in group B.
a) For aircraft in group A, we prioritize them by comparing the risk levels between aircraft. The closer
the obstacles are to their own position, the higher
the priority of the aircraft.
b) If the two aircraft in group A are threatened
to a similar extent, then those with weaker
maneuverability have a higher priority.
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c) If the two aircraft have the same maneuverability,
then we can judge the priority by comparing their
flight plan status through rule 3).
2) For aircraft in group B, that do not have static obstacles
in the detection range, we classify them into B1 and B2
groups according to whether there is a risk of collision
with other cooperation aircraft in the detection range.
The B1 group has a higher priority than the B2 group.
a) For aircraft in group B1 , we prioritize them by
comparing the risk levels between aircraft. The
closer the other aircraft are to their own position,
the higher the priority of the aircraft.
b) If the two aircraft in group A are threatened to a
similar extent, then those with weaker maneuverability have a higher priority.
c) If the two aircraft have the same maneuverability,
then we can judge the priority by comparing their
flight plan status through rule 3).
3) For aircraft in group B2 , each aircraft divides the set of
viewable aircraft into two subsets: those within 5 nmi of
their destination and all others. Aircraft in the first set
have a higher rank than those in the second set.
a) Within each set, aircraft are ranked according to the
current flight delay, with a higher delay bringing a
higher rank.
b) Aircraft in the same set with the same delay
are ranked by their current time in flight (which
can also be interpreted as the remaining fuel
endurance), with longer flight times resulting in a
higher ranking.
c) Finally, if all the above conditions are the same at
the end, the shorter the remaining flight time, the
higher the priority.
During the game process, aircraft with higher priority are
usually more inclined to consider their own interests. While,
aircraft with lower priority rankings need to consider more
about the interests of the group, even making some sacrifices.
For threats with high risk of conflict, such as static obstacles,
these noncooperative threats only need to consider their own
preferences, all aircraft in the low-altitude airspace need to
be given priority to avoid from the perspective of security.
So, we regard them as the game neighbors with the highest
priority. For cooperative aircraft, although they could transfer
information to avoid collision, there also has potential conflict
risks.
We assume that the ranking mechanism results in a unique
priority for each player and that rankings within the same game
are consistent from the perspectives of all players.
Based on this mechanism, we propose a neighbor set of
xi as Xi . Xi is defined as a set of players with higher priority
than xi and within the conflict set of xi . Individuals with lower
priority resolve those neglected potential conflicts.
3) Game Strategy Setting: In our game model, each UAV
choose a strategy at each time step according to the positions
and preferences of other aircraft or deterrents with which they
would conflict. We propose HC and velocity-change mixed
strategies of the game model. For this paper, we assume that
all aircraft fly at the same altitude and the same initial speed
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of 400 mph. The initial heading is from the start point to
the destination for all UAVs. At each step, the aircraft can
choose to change their velocity or angle according to the
environment. For HC strategy, the aircraft has five directional
options, including flying straight, moderate angle changing
±5◦ , and sharp angle changing ±10◦ . On the other hand,
for the velocity-change strategy, aircrafts have five directional
options, including constant speed, moderate velocity changing
±5%, and sharp velocity changing ±10%. Moreover, we consider two types of flights: 1) large-scale UAVs and 2) small
UAVs. The main difference between them is mobility, where
the velocity-change range is the best embodiment. For largescale UAVs, the available velocity range is [200, 800] mph;
flexible small UAVs is [150, 600] mph. In our model, there is
no time interval for changing speeds or angles.

III. S ATISFICING CR A LGORITHM
In classical game theory, each player wants to obtain more
benefit without considering the gains or losses of other players or the whole system. However, when using this concept
on the flight conflict problem, a UAV is only concerned with
his flight intention, which will lead to the entire airspace.
Satisficing game theory [34] employs a new utility structure
and a new solution concept, both of which easily accommodate
cooperative agent communities and are therefore well matched
with CR. The remaining alternatives are deemed to be good
enough or satisficing. Mostly, an agent is a cautious optimizer
who, rather than insisting on a single best solution, retains an
enlarged view containing all reasonably acceptable solutions.
Before describing the application of this new theory to CR,
we summarize the essential components of satisficing game
theory.
A. Social Utility
By forming a social utility function determined by decision
maker’s preferred behavior, satisfying game theory overcomes
the limitation of traditional utility definition without considering conflict and cooperative energy. For a cooperative society
formed by autonomous agents, the most basic requirement to
ensure social stability is as following: the agents should be
required under no circumstances benefit the group by hurting
their own interests. Thus, the reasonable condition of forming
cooperative society is to maintain social consistency, which
means the arbitrary sacrifice of interests is not allowed. As
established in [44], social coherence can be assured if and
only if the preferences of a multi agent system are expressed
by the mathematical syntax based on multivariate probability
theory. Preferences are represented using social utilities, each
of which is a mass function pG : S → [0, 1], where S represents the set of possible actions. Social utilities must satisfy
the following properties.
1) Nonnegativity: pG (s) ≥ 0 ∀ s ∈ S.
2) Normalization: s ∈ S pG (s) = 1.
Because social utilities are probability mass functions, and
they have the properties of conditioning, independence, and
marginalization.

A unique feature of satisficing game theory is the concept of dual utilities. Each individual Xi has two personalities:
1) selecting self Si and 2) rejecting self Ri . Each Si is associated with a selectable utility PSi , which orders each action
available to Xi in terms of the effectiveness of the objective
scheme without considering the cost or other consequences.
Conversely, the rejectable utility PRi associated with each Ri
orders each action in terms of the cost or other consequences.
The individually satisficing set is defined as


i = si ∈ Si : psi (si ) ≥ qi pRi (si )
(4)
where Si is the action set of Xi and qi is a negotiation index.
Our satisficing CR algorithm is based on this dual utilities conception. A collision game is a multilayer structure, in
which each player possesses a set of optional strategies and a
mapping from different strategy combinations to the players’
payoff. In response to this problem, we divide the calculation
of the game revenue into two aspects. On the one hand, the
security payoff (PS ) guarantees the flight safety of the entire
airspace; on the other hand, the efficiency payoff (PE ) satisfies the requirements of individual aircraft to maximize their
interests. The relationship of these two payoff is as follows.
1) We first consider the PS , and get the security strategy
set S̄l as
 
S̄l = s|s = argmaxsn ∈Si PS sni , S̄l ⊂ Si .
(5)
i

2) If there is more than one elememt in S̄l , we use PE to
select one satisfying strategy as
 
(6)
Snext = argmaxsn ∈S̄l PE sni
i

where Snext is the satisfying strategy of next step.
In the following, we described the security payoff (PS ) and
the efficiency payoff (PE ) in detail.
B. Security Payoff
We first consider the requirements on flight safety.
According to the number of conflicts and their degree of
urgency, each strategy combination may cause its degree of
urgency to obtain the first-level mapping of the elements
within the strategy composition space. We represent the collision detection of the aircraft and the aircraft as the mapping
of the Cartesian product space to the conflict space of the
two-person strategy: H : Si × Sj → W 2 .
We define the strategy set (s1 , s2 , . . . , sM−1 , si ) of aircraft (x1 , x2 , . . . , xM−1 , xi ), and we use vi and Angi to
represent the strategies that the aircraft can choose when
they are involved in a conflict situation. For simplicity (but without loss of generality), we assume that
the ranking orderings are x1 , x2 , . . . , xM−1 , xi , and xi is
with the lowest ranking. Let v1c , v2c , . . . , vcM−1 , vic and
(Ang1c , Ang2c , . . . , AngcM−1 , Angic ) signify the current speed
and direction of (x1 , x2 , . . . , xM−1 , xi ); we thus have
 
PS sni =

1

1+



M−1
j=1 FS si , sj

.

(7)
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The function FS is defined as
⎧
 n  ⎨ 2β, dmin (i, j) ≤ Rc
FS si , sj = β, Rc ≤ dmin (i, j) ≤ Rnm
⎩
0, otherwise
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(8)

where β is defined by
⎧

α
1
dmin (i, j)
⎪
⎪
, dk min (i, j) ≤ 3Rnm
⎨ 2−
Rnm
dk min (i, j)
β= 
α
1
⎪
⎪
,
otherwise.
⎩
dk min (i, j)
(9)
The parameter α is an experimentally tuned variable, between
0 and 1. dmin (i, j) and dk min (i, j) can be obtained by the conflict prediction function H. Those strategies with the maximum
PCF are seen as safety or subsafety [if vi or Angi satisfy
PS (si ) = 1] strategy sets S̄l
 
S̄l = s|s = argmaxsn ∈Si PS sni , S̄l ⊂ Si .
(10)
i

C. Efficiency Payoff
When there is more than one element in S̄l , we need to
choose one satisficing strategy from them. There are many
constraints for UAVs in the CR problem; reaching the destination as quickly as possible is required in most flight missions.
Hence, we define the RTA, which is another influencing factor
when choosing a strategy. We assume that the xi s strategy set
p
is S̄l (v̄i , Angi ), Ti represents the flight plan time of xi , tic is the
current time that xi has already flown, and tid denotes the time
of xi selecting a strategy from S̄l arriving at the destination.
Then, the efficiency payoffs are defined by


 
p
PE S̄l = exp −|tic + tid − Ti |
(11)
where tid is defined by
tid

−−−→
Dc Dd
= l l
v̄i

(12)

−
→
−
→
Dcl and Ddl represent the current location and the destination
−−−→
location of xi , and Dcl Ddl denotes the distance between these
two places. The strategy with the maximum RTA payoffs will
be executed by xi in the next time step
 
Snext = argmaxsn ∈Si PE sni .
(13)
i

Finally, we obtain a satisfactory strategy and resolve the
conflict.

scenarios to occur in actual flight, they are necessary to evaluate the extreme performance of the CR algorithm, and it is
also convenient to compare with different methods.
In the above scenarios, we adopt three flight strategy adjustment models, HC, velocity-HC (VHC), and heterogeneousVHC (HVHC), herein aiming to study the effects of angle
adjustment, speed changing, and their combination on the CR.
For HC strategies, there are only five directional options: flying straight, moderate angle changing ±5◦ , and sharp angle
changing ±10◦ . For velocity-change strategy, aircrafts have
five directional options, including constant speed, moderate
velocity changing ±5%, and sharp velocity changing ±10%.
Moreover, we consider two types of flights speed limitation
range: A larger one is [200, 800] mph, and a smaller scale
is [150, 600] mph. HC model only adopts five HC strategies.
VHC model is consist of HC strategy and velocity-change
strategies for large speed range. HVHC model is composed
of HC strategy, velocity-change strategies for both two speed
changing ranges.
Our structure map is a 100 × 100 square lattices, where
the lattice resolution is 1:1 nmi. The detection margin is
Rd = 10 nmi, the near-miss margin is RNM = 1 nmi, and
the collision margin is Rc = 500 ft.
The parameter setting for the accessibility scenes is as follows. The standard deviation σx = σy = 4.0. The predicted
time Tw = 2 min.
The obstacle scenes have the following parameter setting:
The standard deviation σx = σy = 5.0. The predicted time
Tw = 4 min. The forbidden zone margin for obstacles is
RF = 100 ft.
A. Performance Measures
To evaluate our performance of the approaches, we must use
appropriate metrics to ensure that both safety and performance
objectives are met. Safety and system efficiency evaluation
concerns are similar to those in [34]. System efficiency is a
vital evaluation index for ensuring that the aircraft can follow
directions, linear flight paths to their destinations. CR maneuvers should meet safety criteria while providing high levels of
efficiency.
1) System Efficiency: We define the individual efficiency
p
p
p
for aircraft i as Ei = [ti /(tdi + ti )], where ti is the ideal flight
time of the aircraft in plan and tdi is the added delay time.
Then, the system efficiency is given by
E=

N
1 
Ei
N

(14)

i=1

IV. E VALUATION AND R ESULTS
In actual air traffic operations, the scenes of aircraft collisions are diverse. Thus, it is necessary to verify the effectiveness of the CR algorithm in different flight scenarios.
Our simulation scenarios are divided into accessibility scenes
and obstacle scenes, which are similar to those used in other
studies [21], [45], [46]. Herein, accessibility scenes include
perpendicular flows, choke point and random aircraft scenes;
obstacle scenes include static obstacles in the above three scenarios. Although it is virtually impossible for these simulation

where N is the number of aircraft in the system. E = 1 is an
ideal scheme, and as the traffic density and congestion increase
or there are deterrents in the airspace, the aircraft’s flight conditions further deviate from their plan, and E decreases in
value.
2) Risk Factor: For each CR algorithm, the most important
evaluation index is the safety capability. In complex lowaltitude airspace, the frequency of conflict is related to the
complexity level of the airspace and the density of UAVs. In
this paper, we propose two indicators to evaluate the safety of
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our method. One indicator is the near miss coefficient (FNM ),
which expresses the average occurrence ratio of near-miss
incidents in a time unit; FNM is defined as
FNM =

Tall i
i=1 FNM

Tall

.

(15)

t
FNM
represents the number of near-miss incidents occurred in
the ith time step. Tall is the total time of the conflict game process. Another indicator is the system collision number, which
is defined by

FC =

Tall i
i=1 FC

Tall

.

(a)

(b)

Fig. 3.
Flow scenes. (a) Perpendicular flow accessibility scene.
(b) Perpendicular flow obstacle scene.

(16)

FC represents the number of collision incidents occurring in
the ith time step.
In complex low-altitude environments, potential aircraft collision events exhibit diverse characteristics, so we need to
verify the effectiveness of the aircraft hedging method in different flight scenarios. Combined with the particularity of the
complex low-altitude environment, this paper establishes 2-D
scenes from three aspects based on the experimental scenarios
provided in [47]. The first is whether there are noncooperative threats in the flight scene. This part of the experiment
verifies the security and effectiveness of the proposed method
from two aspects: 1) accessibility scenes without obstacles
and 2) complex scenes with obstacles. Then, considering the
influence of airspace density on the CR method, we partially
verifies the safety and effectiveness of the proposed method
in different aircraft density scenarios. It is important to notice
that some scenes with high aircraft density are almost impossible to happen in reality, these extreme scenarios help in the
study of the capabilities and limitations of any CR design.
Finally, the experimental part verifies the adaptability of the
algorithm in the flight scenario with strong randomness from
the perspective of method robustness.
In this part of the experiment, we also analyze the impact
of different CR strategies on the risk aversion effect. In terms
of CR strategies, we propose three different strategies: 1) HC
strategy; 2) VHC strategy; and 3) HVHC strategy.
Finally, this experiment extends the algorithm to 3-D space,
and verifies the applicability and security of the proposed
method in 3-D space.
B. 2-D Scenes
To identify our approach, we propose flow scenes, choke
point scenes, and random flight scenes as evaluation cases,
where each scenes also has two aspects: 1) accessibility scene
and 2) obstacle scene. In the following experiments, we adopt
accessibility scenes at first. Then, introducing static obstacles
into the accessibility scenes to further examine our algorithm.
1) Flow Scenes: First, we adopt the scenes introduced
in [47]. In these scenes, two direct traffic constant flows
perpendicular to the direction of flight within an L × L
(L = 100 nmi) airspace, as depicted in Fig. 3(a). In the perpendicular flow scene, one flow is moving from left to right, and
the other flow is moving from bottom to top. This scenes have
potential conflicts at the intersection point, and the aircraft can

autonomously avoid hazards. Based on the perpendicular flow
scene, we site an r = 5 nmi circular obstacle at the center of
the scene, as depicted in Fig. 3(b).
The two cases of flow scenario are presented with 16 agents
at different time step (T) as shown in Fig. 4. The starting point
is marked in green and the destination point is denoted with
orange. Fig. 4(a), (c), and (e) is the result for perpendicular
flow scenario and Fig. 4(b), (d), and (f) is for perpendicular flow scenario with obstacle. The simulation result shows
the process of CR. It shows that the satisficing CR algorithm
performs well when solving the collision.
In a given flow, all aircraft are generated at the same point
with the same destination, and the interval between two neighboring aircraft is τ seconds. τ is a traffic density control
parameter, where a smaller τ means denser traffic. Note that τ
should be large enough to create a separation from the anterior
aircraft to avoid violating its safety margin with the aircraft
immediately behind it. In our method, aircraft are generated
20 s apart, keeping an approximately 2 nmi distance from the
previous aircraft. Therefore, each aircraft can maintain a safety
margin with the other aircraft, which are generated from the
same flow.
To analyze the influence of τ on the security of the UAVs,
we choose HVHC model under the opposite flow scene with
density = 16. The results are averaged over 20 independent
experiments.
After the experimental statistics are obtained, with increasing τ , we find that the collision number is always 0 under
the HC, VHC, and HVHC strategies. However, the main difference between the three strategies is the average number of
near misses and the system efficiency. Fig. 5 reports the average number of near misses under the HC, VHC, and HVHC
strategies in the perpendicular flow scenario. With increasing τ , the probability of a near miss occurring decreases, which
shows that the security of the UAVs has been improved and
that the system is more efficient. Moreover, for the VHC and
HVHC strategies, when τ is large, the effect of τ on the system
efficiency is significant. Then, we also examine the system
efficiency and near misses for HVHC model with τ under the
perpendicular flow scenario with obstacle, as shown in Fig. 6.
The different value of the system efficiency shows that only
changing the heading leads to a flight delay because this strategy choice increases the flight path length, and the UAV could
not catch up to the flight schedule. Nevertheless, the mixed
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(a)

(b)

Fig. 6. Result for perpendicular flow senario with obstacle over HVHC
model. (a) Near misses with τ . (b) System efficiency with τ .

(c)

(d)

(a)

(b)

Fig. 7. Choke point scenes. (a) Choke point accessibility scene. (b) Choke
point obstacle scene.

(e)

(f)

Fig. 4. Simulation result for flows scenes. (a) Perpendicular flow accessibility scene at T = 450. (b) Perpendicular flow obstacle scene at T = 400.
(c) Perpendicular flow accessibility scene at T = 550. (d) Perpendicular
flow obstacle scene at T = 550. (e) Perpendicular flow accessibility scene
at T = 650. (f) Perpendicular flow obstacle scene at T = 750.

(a)

(b)

Fig. 5. Result for perpendicular flow senario over HVHC model. (a) Near
misses with τ . (b) System efficiency with τ .

strategies of changing both the heading and the velocity could
help the UAV in changing its flight plan when this UAV overcomes the obstacle in this scene. Moreover, the heterogeneous
velocity changing strategy varies the UAVs’ mobility, thereby
achieving an optimal system efficiency.
2) Choke Point Scenes: In the choke point accessibility
scene, all aircraft begin from uniformly spaced points on a
circle of radius L (L = 100 nmi), with the point on the circle
directly opposite each aircraft’s starting point as its destination. Fig. 7(a) shows an example of eight UAVs, where the
planned paths coincide at the center of the circle. Although

this scenario is not representative of actual traffic patterns, it
is a significant challenge for any CR algorithm. In the choke
point obstacle scene, we set an r = 5 nmi circle obstacle at the
center of this scenario to make the airspace more complicated,
as shown in Fig. 7(b).
Fig. 8(a), (c), and (e) presents the simulation results of a run
with 4, 8, and 16 aircraft under HVHC model in the choke
point accessibility scene. Fig. 8(b), (d), and (f) presents the
simulation result of a run with 4, 8, and 16 aircrafts under
the three models. The aircraft could avoid both meeting and the
obstacle simultaneously at the center and reach their destinations at the planned time through speed and angle adjustments.
The existence of the obstacle could decentralized the conflict
from the center of the scene to some extent.
Table I summarizes the variation trend of the three
performance measures during the simulation phase with
increasing density of aircraft. It shows that the UAVs can
resolve conflicts completely; however, as the density of aircraft increases, the conflict risk and system time delay increase
significantly. For HC model, although there are risks during the process of CR, the conflict events can typically
be resolved. However, comparing with VHC and HVHC
model, the system efficiency over HC model is obviously
decreased. Heading changes cause the aircraft to deviate
from the planned flight path, but the aircraft still keeps the
planned speed. Consequently, the actual flight time of the
aircraft will increase, resulting in reduced system efficiency.
For VHC model the aircraft can eliminate or reduce the
flight delay caused by deviations from the planned flight path
through angular deflection and appropriate acceleration flight.
Moreover, the conflict risk and system efficiency are better
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TABLE I
R ESULTS FOR THE C HOKE P OINT ACCESSIBILITY S CENES

TABLE II
R ESULT FOR THE C HOKE P OINT O BSTACLE S CENES

TABLE III
R ESULTS FOR THE R ANDOM F LIGHT ACCESSIBILITY S CENE

than under HVHC model because the flexibility of multiple
aircraft has been best considered.
With increased flight density, the airspace becomes crowded,
and the security of the UAVs becomes difficult to guarantee. Table II summarizes the variation trend of the three
performance measures under the choke point scene with the
obstacle. The table shows that the UAVs can resolve conflicts
completely; however, as the density of the aircraft increased,
the conflict risk and system time delay increased significantly.
Compared with the accessibility scene, the near miss risk
increases but there is no collision risk, and the efficiency
decreases. Although the obstacle occupy the active range of
UAVs, it decentralized the conflict point.
3) Random Flights Scenes: This scenario consists of two
concentric circles as used in [48]. The aircraft starting points
are on the outer circle (radius of 50 nmi), and the destination points are randomly selected on the inner circle (radius

of 40 nmi), as described in Fig. 9. The 10-nmi buffer between
the circles is to avoid the appearance of conflict initially.
Due to the random geometric structure of this scene, this
is a useful method of verifying the effectiveness of the CR
algorithm.
At the beginning of each simulation, a new aircraft is generated every 5 s on the outer circle at a random position until
the number of aircraft in the scene reaches the specified upper
limit. We use the relevant traffic density parameter N to represent the top limitation of the number of aircraft in the scene.
When the aircraft arrives at the destination, a new aircraft will
be created to replace it. These new aircraft have the same
starting and ending points as the aircraft that have just arrived
at the destination. In the simulation, the results obtained were
averaged after 20 separate runs. The result for aircraft density of N = 6 over HVHC model is shown in Fig. 10(a)
for a single running under random flights accessibility scene,
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TABLE IV
R ESULTS FOR THE R ANDOM F LIGHTS O BSTACLE S CENES

(a)

(b)
(a)

(b)

Fig. 9.
Random flights scene. (a) Random flights accessibility scene.
(b) Random flights obstacle scene.

(c)

(d)

(a)

(b)

Fig. 10. Simulation result for random flights scenes. (a) Random flights
accessibility scene. (b) Random flights obstacle scene.

(e)

(f)

Fig. 8. Simulation result for choke point scenes. (a) Choke point accessibility
scene for 4 UAVs. (b) Choke point obstacle scene for 4 UAVs. (c) Choke point
accessibility scene for 8 UAVs. (d) Choke point obstacle scene for 8 UAVs.
(e) Choke point accessibility scene for 16 UAVs. (f) Choke point obstacle
scene for 16 UAVs.

and N = 5 for random flights obstacle scene as shown in
Fig. 10(b).
Tables III and IV summarize the average number of collisions and near misses and the system efficiency E as the
aircraft density increases for random flight accessibility and
obstacle scene, respectively. The results suggest that situations occasionally arise in the random flight scenario that
is difficult to resolve. The frequency of separation violations increases as the traffic density increases, and considering

the strategies with velocity changes can improve the system
efficiency.
In the following experiments, we evaluate the performance
of the CR method using 3-D scenes.
C. 3-D Scene
In this section, we examine the CR algorithm in 3-D
random flight scene. Based on the original game strategy
setting rules of 2-D scenes, we introduce pitch-angle-change
strategy, including flying straight, moderate pitch angle changing ±2.5◦ , sharp angle changing ±5◦ . Thus, we extend
HVHC strategy to velocity-heading-pitch-angle-change model
(HVHPC). The 3-D scene is a L × L × L ( L = 100 nmi)
airspace, as shown in Fig. 11, the start points of aircraft are
randomly generated on the bottom plane and the destination
point are randomly generated on the top plane. There are nine
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Nevertheless, in the proposed algorithm, we only use a circle to define the safety area of the obstacles. In the future,
we need to analyze the heterogeneity of multiple obstacles and design a more appropriate safety envelope that can
adjust its shape depending on different characteristics of the
obstacles.
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Fig. 11.
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