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Abstract

Automated mission planning for unmanned aerial vehicles (UAVs) is difficult because of the propagation of several sources 

of error into the solution, as for any large scale autonomous system. To ensure reliable system performance, we quantify 

all sources of error and their propagation through a mission planner for operation of UAVs in an obstacle rich environment 

we developed in prior work. In this sequel to that work, we show that the mission planner developed before can be made 

robust to errors arising from the mapping, sensing, actuation, and environmental disturbances through creating systematic 

buffers around obstacles using the calculations of uncertainty propagation. This robustness makes the mission planner truly 

autonomous and scalable to many UAVs without human intervention. We illustrate with simulation results for trajectory 

generation of multiple UAVs in a surveillance problem in an urban environment while optimizing for either maximal flight 

time or minimal fuel consumption. Our solution methods are suitable for any well-mapped region, and the final collision free 

paths are obtained through offline sub-optimal solution of an mTSP (multiple traveling salesman problem).
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1. Introduction

The influence of UAV technologies has increased greatly 

with widespread availability of all system components at low 

costs. At this time, UAVs are not handled only by professional 

researchers, but also by amateurs. The easy accessibility 

of UAVs thanks to numerous amateur user forums has 

brought hundreds of creative new applications [1]. A lot of 

this usage involves the use of multiple UAVs in obstacle rich 

environments such as inspection, monitoring, and even 

intervention in plants [2], farms [3], cattle ranches [4], and 

pipelines [5]. Although many approaches to UAV autonomy 

focus on optimality and few on robustness [6, 7], using 

multiple UAVs for missions needs strategic planning based 

on paths, fuel consumption, mission complete time, arrival 

time scheduling at targets, etc., so robustness of the mission 

planning should be considered a priori and in real time to 

guarantee safe flights while satisfying mission requirements 

[8, 9]. We next survey the state of the art about the uncertainties 

that come into play, and the objectives of multi-UAV mission 

plans that can be reliably achieved once we have robustness 

to these uncertainties and their propagation.

CONSIDERATION OF ERRORS:  The errors in standard 

GPS-INS integration are well documented [10]. Maps have 

continued to become ever more accurate with the use of 

automation and sensor fusion as in Google Earth [11] which 

fuses satellite, GPS, terrestrial photographs and lidar. Errors 

of actuation and environmental disturbances usually come 

together, as both reduce way-point tracking accuracy. There 

is a rich literature handling such disturbances with both 

feedback and feedforward methods. Most researchers deal 

with wind effects on UAVs by including either constant or 

varying wind speed and/or wind acceleration components in 

the vehicle equation of motion [12, 13, 14]. In addition, there 
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are multiple studies where UAV path planning methods were 

considered with constant wind speed vW and direction θW 

to describe wind effects in 2D environment by constraining 

the UAV to have steady level flights [15, 16]. The smoothing 

of paths, commonly done for the paths of single UAVs can 

also be a source of vehicle conflict in a multi-UAV context. 

The most common smoothing is known as Dubins paths 

which smooths sharp turns at way-points by using a circular 

arc whose radius depends on the vehicle velocity [14, 17]. 

The radius of circular arc should be at least larger than the 

minimum turn radius of the UAV to ensure feasible flight 

paths that avoid collisions with obstacles. Generation of 2D 

[18] and 3D [19] Dubins paths for the simultaneous arrival 

of multiple UAVs with guaranteed equal traveling distances 

have been accomplished.

RELEVANT MISSION OBJECTIVES AND CONSTRAINTS:  

Fuel efficiency and the time of mission completion appear to 

be at the most common objectives, given that fuel capacity of 

vehicles is limited, and that we want to accomplish our tasks 

as soon as possible, and safely [20, 21]. Persistent surveillance 

was accomplished using group health management [22]; 

uncertain fuel usage dynamics have also been considered 

[23, 24, 25]. For a single UAV mission, a method to manage 

the fuel consumption rate of the glider type UAV with soaring 

flights through linear wind gradients has been developed 

[26]. Accommodation of threat avoidance constraints has 

also been considered [27]. Dubins path planning has also 

been used to detect, model, and track the shape of the cloud 

boundary of nuclear, biological, and chemical contaminants 

[28]. Optimized Dubins paths have also been developed, for 

minimum path length [29], and subject to UAV kinematic 

constraints [30].

Ge et al. [31] calculated a safety-buffer zone by only 

counting current velocity, minimum velocity, maximum 

acceleration, minimum acceleration, and the maximum 

distance of the vehicle body from the obstacle. However, not 

only the path planning errors from the vehicle dynamics, but 

also additional error sources should be accounted for the 

safest collision free path planning. We develop robustness 

of autonomous operations through studying possible error 

propagation in the framework for scalable UAV autonomy 

we developed in prior work [32]. Through predicting overall 

error propagation, we predetermine the buffer size ranges 

around static and dynamic objects to achieve collision-

free trajectories for UAVs. Once robustness of performance 

is guaranteed, we proceed to achieve objectives such as 

minimum time or minimum fuel consumption. To highlight 

the contribution of this work against our prior work, we 

summarize it in the next paragraph and delineate the 

contribution of this article in the following paragraph.

SUMMARY OF PRIOR WORK [32]:  We combated the 

complexity and uncertainty of unstructured environments 

through decomposition of the complex optimization 

problem of mission planning into steps corresponding to 

the entry of various uncertainties. Then we solved the overall 

problem in a scalable fashion for mapped regions with a 

combination of offline pre-computations for efficiency and 

accuracy and the use of feedback in real-time operations 

to handle various uncertainties. We first converted a map 

into traversability graphs using both map features and 

vehicle dynamic constraints through construction of area 

Voronoi diagrams, the edges of which give the safest traverse 

paths through an obstacle field (it is easy to extend this 

to 3D, but the presentation loses its intuitive ease for the 

more complicated graphs that result). Next, we obtained 

shortest geometric paths between all pairs of Voronoi nodes 

with Dijkstra’s algorithm, and traversal times along all of 

the shortest paths in the region for various vehicle types 

using 1D time optimal control. In both the generation of 

traversability graphs and in 1D optimal control, we supplied 

5 

an algorithm that needs massive testing as paths that don't meet the robustness requirements are never 

generated. Indeed, many potentially feasible tasks will be flagged as infeasible--the price we pay for 

fast generation of guaranteed mission plans. However, in many practical problems of relevance, 

where the roads are broad enough relative to UAV size, or the National Airspace System (NAS) with 

UAVs integrated, where the swarm populates the space sparsely, most paths will be feasible or 

traversable. We present the optimization formulation for minimum time along with the equalization of 

trajectories for fuel efficiency in Section 3. We subsequently provide simulation parameters and 

results in Section 4 along with a discussion, and concluding remarks in Section 5. All step labels 

correspond to labels in Figure 1 which sums up the mission planning hierarchy. 

 

Fig. 1. Mission planning hierarchy. 

 

 

 (a) Input: Satellite Photograph. (b) Step 1: Obstacle Detection. (c) Step 2: Extract Obstacle. 

Fig. 1. Mission planning hierarchy.
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safety margins to account for maps and sensor inaccuracy. 

This converted standard surveillance and search problems 

into a multiple traveling salesman problem (mTSP) for 

achieving the minimum time performance. We divided 

regions using uniform region division, and K-means 

clustering with Voronoi region division (KVRD) to convert 

the mTSP problem into a collection of TSPs for individual 

vehicles. These TSPs were solved offline through the use of 

genetic algorithms for use in online operation. The ten steps 

shown in Fig. 1 summarizing the framework for scalable 

autonomy are augmented to show the kinds of uncertainties 

that enter the signal processing: (Input) Photograph Error; 

(1) Obstacle Detection Error; (3) Corner Detection Error; 

(5) Combinatorial Error; (10) Environmental Disturbances. 

Fig. 2 summarizes the results of our prior work for mapped 

environments, where the flight of multiple UAVs is simulated 

in MATLAB/Simulink in the mapped region over the 

paths generated offline. The simulations assume attitude 

stabilized vehicles (e.g., by feedback linearization and 

robust control) with proportional-integral tracking, with 

position and velocity tracking time constants resulting from 

such stabilization obtained from [33], which summarizes a 

practical system in field use.

CONTRIBUTION OF THIS PAPER:  Our method for 

mapped regions [33] was naturally robust to uncertainties 

in maps, sensing and actuation, as we showed with 

illustrations for the cases of mission changes and vehicle 

failures. However, a combination of several uncertainties 

could always cause the system to fail. Hence, we show 

how to build in robustness systematically into the different 

steps of autonomous mission planning, albeit at the cost of 

greater conservatism in the solution, through the addition 

of buffer zones around obstacles and in region division in 

Section 2. This is not an algorithm that needs massive testing 
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 (d) Step 3: Obstacle Separation. (e) Step 4: Add Buffer Zone. (f) Step 5: Voronoi. 

 

 (g) Step 6: Filter Out Useless  (h) Step 7,8: 1D Optimal Control (i) Step 9-1: Region Division. 
 Candidates.  and Dijkstra. 

(j) Step 9-2 & 9-3: GA based  (k) Step 10: Path Following.     (l) Output: Trajectories. 
   TSP and NEA 

Fig. 2. Graphical representation of the mission hierarchy corresponding to Figure 1. 

 

2. Building Robustness into Autonomous Mission Planning 

2.1 Uncertainty Propagation and Compensation (Step 4) 

Because of our problem decomposition [34], we are able to estimate the worst case uncertainty 

propagation through the mission planner. We quantify the sources of uncertainty and their propagation 

here, considering the worst case individual errors and worst case propagation, and convert all to 

positional errors. Mitigation therefore consists in adding spatial buffer zones around obstacles and 

trajectories. 
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as paths that don’t meet the robustness requirements are 

never generated. Indeed, many potentially feasible tasks will 

be flagged as infeasible--the price we pay for fast generation 

of guaranteed mission plans. However, in many practical 

problems of relevance, where the roads are broad enough 

relative to UAV size, or the National Airspace System (NAS) 

with UAVs integrated, where the swarm populates the space 

sparsely, most paths will be feasible or traversable. We present 

the optimization formulation for minimum time along with 

the equalization of trajectories for fuel efficiency in Section 

3. We subsequently provide simulation parameters and 

results in Section 4 along with a discussion, and concluding 

remarks in Section 5. All step labels correspond to labels in 

Fig. 1 which sums up the mission planning hierarchy.

2.  Building Robustness into Autonomous 
Mission Planning

2.1  Uncertainty Propagation and Compensation (Step 4)

Because of our problem decomposition [34], we are able 

to estimate the worst case uncertainty propagation through 

the mission planner. We quantify the sources of uncertainty 

and their propagation here, considering the worst case 

individual errors and worst case propagation, and convert all 

to positional errors. Mitigation therefore consists in adding 

spatial buffer zones around obstacles and trajectories.

2.1.1 Input: Photograph Error

The mission planning hierarchy (Fig. 1) starts with an 

input which is a satellite photograph extracted from Google 

Earth (Fig. 2(a)). Most Google Earth images are taken by 

WorldView I and II satellites designed by DigitalGlobe and 

have a resolution of up to 50 cm [35], but Google Earth itself 

which uses 436 control points has a much worse positional 

accuracy of 39.7 m RMSE [36, 37]. A method which uses 

geo-referencing to increase the data point accuracy using 

recorded GPS coordinate data at each corner of the map 

snapshot [37] improves positional error in the maps to 

that of the GPS used. Since most low-cost GPS sensors (ex. 

U-blox LEA-6) have 2 m GPS horizontal position accuracy, 

it is adopted for the constant buffer zone size, c. Indeed, the 

integration of GPS and IMUs in practice reduces this error 

significantly, and in future, we may not need to have this 

buffer.

2.1.2 Step 1: Obstacle Detection Error

The latest automated obstacle extraction algorithm 

using IKONOS images [38] has 83.2% obstacle detection 

rates thanks to the IKONOS satellite which has 1 m or 

slightly better spatial resolution. To increase the obstacle 

detection rate, we can run the algorithm n times on the same 

surveillance region so that we decrease the proportion of 

undetected obstacles as (1-0.832)n=0.168n. For instance, for 

a region with 29 obstacles (Fig. 2(b)), the automated obstacle 

extraction algorithm might miss detection of roughly of 

29∙0.168≈4.87 obstacles, but the number of missed obstacles 

will be decreased to 29∙0.1682≈0.82 obstacles if we run the 

algorithm twice for the same region with newly transmitted 

ground images as the UAV flies.

2.1.3 Step 3: Corner Detection Error

Since the coordinates of the extracted obstacles are 

transformed into MATLAB/Simulink using the corner 

detection algorithm (Fig. 2(c) and Fig. 3(d)), accurate 

detection of obstacle corners is as important as the detection 

of obstacles to avoid possible collisions, as these corners 

are used in constructing the area Voronoi diagrams used to 

construct traversability graphs. With the detected corners, 

we draw polygons which wrap around the poorly detected 

edges (Fig. 3(e)).

A corner detection rate of 98.14% for rectangular and 

polygonal obstacles was achieved by using adaptive 

threshold and dynamic region of support (ROS) to take 

into account both global and local curvature of the corners 

[39]. The algorithm provides a detection rate of 96.76% for 

obstacles with curved boundaries. This corner detection 

rate, D, is calculated as
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running the algorithm multiple times can avoid missed 

corners on curved edges as in the lower left portion of Fig. 4.

2.1.4 Step 5: Combinatorial Error

We summarize the error analysis of the Voronoi diagram 

computation developed in [40]. Three sources of the 

combinatorial error in the discrete Voronoi algorithm 

using gridding of a region into rectangular cells have been 

identified: distance error; resolution error (due to discrete 

sampling); error due to bit resolution which is negligible for 

today's floating point calculations. Their overall calculation 

tells us that the error in positioning the discrete Voronoi 

diagram is no greater than twice the maximum distance 

error, ε, whose calculation is summarized below.

Calculation of ε:

10 

 

(b) The per-feature Voronoi diagram of a quadrilateral (left). The corresponding distance mesh (right). 

Fig. 5. Descriptions of the α and R [40]. 
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where α is the acute angle of the isosceles triangle (a  grid has 85 triangles when α is 

maximized for speed of computation) and R is the radius of the cone (maximum distance between 

object/building/polygon and a sample point outside it), we can calculate ε as 
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So, we conclude ε is negligible even if R is several hundred meters for well-mapped regions. This 
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proportional-integral tracking [33] for three purposes--to 

show the propagation of sensing errors, to show the effect of 

wind disturbances, and for simulation, as in our earlier work 

[34]. The dynamics are parameterized by a position tracking 

time constant (τx) and a velocity tracking time constant (τv):

11 

     

     

1 ,

1 1 ( ),
    

  

 
      

 

c c c
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c c c c
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where, �� is the position of the UAV (� ��), ��  is the velocity of the UAV (� ��), T is the 

sampling time, and �������� is the tracking reference point (� ��). Since tracking control systems are 

designed with unity gain, and this system does not have any overshoot, we can consider it a system 

with unit �� norm. Errors in position arise from errors in velocity measurement and tracking, which 

are negligible due to small errors in airspeed sensing (e.g., from NXP MPXV 2002DP [41]) combined 

with a fast control loop with small sampling time T, and errors in position measurements that arise 

from a lightweight low-cost GPS sensor (U-blox LEA-6 [42]) with ���� � 2��  circular error 

probable (CEP). This error is typically much smaller when GPS-aided INS is used, so we use a 

conservative estimate of position error �� � ��� � ����  with a safety factor ��� � 2 , giving 

�� � ���, when there is no wind disturbance, i.e., for �� � �. 
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dominate the UAV's dynamics and push it entirely in its direction, rendering our control laws 

irrelevant. In this case, we would likely lose the vehicle, and we can only make the mission plan 

robust through robustification against expected vehicle losses, something we showed in our previous 

work [34]. 
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where, xc is the position of the UAV (∈R3), v_c  is the velocity 

of the UAV (∈R3), T is the sampling time, and xc
ref (k) is the 

tracking reference point (∈R3). Since tracking control 

systems are designed with unity gain, and this system does 

not have any overshoot, we can consider it a system with 

unit H∞ norm. Errors in position arise from errors in velocity 

measurement and tracking, which are negligible due to 

small errors in airspeed sensing (e.g., from NXP MPXV 

2002DP [41]) combined with a fast control loop with small 

sampling time T, and errors in position measurements that 

arise from a lightweight low-cost GPS sensor (U-blox LEA-6 

[42]) with eGPS=2 m circular error probable (CEP). This error 

is typically much smaller when GPS-aided INS is used, so we 

use a conservative estimate of position error ep=Npo∙eGPS with 

a safety factor Npo=2, giving ep=4 m, when there is no wind 

disturbance, i.e., for aw=0.

2.1.6 Step 10: Environmental Disturbances

Gusts of wind usually throw small UAVs off track when the 

acceleration induced by the gust is far larger than the thrust/

mass of the vehicle. The worst case here is when the vehicle 

is hit by a gust perpendicular to its direction of traverse. A 

rough estimate of this deviation is simply calculated for a 

persistent wind gust with acceleration of aw=0.1 m/sec2 (one 

tenth of vehicle maximum accelerations we are using) over 

the course of some 50 m of motion, a characteristic inter-

node distance on our maps. Given a maximum velocity of 

10 m/s, the traverse time is t=5 sec, and the deviation will be 

1/2 awt2=1.25 m. With a safety factor of 3 to account for larger 

gusts, we get a deviation of 3.75 m. Of course, a persistent gust 

that dominates vehicle thrust would completely dominate 

the UAV's dynamics and push it entirely in its direction, 

rendering our control laws irrelevant. In this case, we would 

likely lose the vehicle, and we can only make the mission 

plan robust through robustification against expected vehicle 

losses, something we showed in our previous work [34].

2.1.7 Total Maximum Error

All of the individual errors can be listed as,

1. Input (Photograph Error): 2Nph m,

2. Step 1 (Obstacle Detection Error): 100∙0.168n %,

3. Step 3 (Corner Detection Error): 3.24 %,

4. Step 5 (Combinatorial Error): negligible,

5. Step 7 (Vehicle Dynamic Error): 2Npo m,

6. Step 10 (Environmental Disturbances): 3.75 m.

If we choose Nph=3 and Npo=2, we have a total error as 

et1≈2∙3+2∙2+3.75=13.75 m where et1 represents the total error 

of the mission planning hierarchy (Fig. 1). We add this extra 

buffer around all obstacles before the construction of the 

Voronoi diagram that converts the map into nodes and edges 

of potential traverse. This means we pad all obstacles with 

a zone of this size. There is always the probability of missed 

detections of obstacles and corners which can be reduced by 

rerunning the algorithms with multiple images. So we can 

assume those probabilities are minuscule.

Traversable paths are determined by checking if the path 

can be traversed without the UAV running into the buffered 

obstacles. We estimated the path width between obstacles 

required from UAV constraints of the minimum forward 

velocity vmin, maximum forward velocity vmax, maximum 

acceleration amax, and minimum turning radius rmin=v2
min)/

amax in prior work [33] as et2=b1+b2=rmin(csc(α/2)-1), based 

on the schematic in Fig. 6. Here, α is the angle between 

two intersecting Voronoi edges, b1 is the distance in which 

the UAV decelerates to its minimum velocity, and b2 is the 

distance to the intersection at which it begins to turn inside 

circle c2 to the next node Wi+1. The minimum and maximum 

velocities vmin and vmax are set conservatively in the design of 

1D optimal control in the mission planning hierarchy (step 

7 in Fig. 1 so that feedback control during flight has more 

leeway to handle unexpected disturbances or errors.

For the fixed-wing UAV system properties used for 

simulation results in this paper (listed in Section IV), we 

calculate et2=b1+b2=3.75+0.29=4.04 m with α=120° for the 

fixed-wing vehicle. The buffer will be larger for smaller 

angles. Hover capable vehicles will not have any paths 

eliminated by this method, and are therefore far better suited 
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Fig. 6. Minimum radius  allowing UAV to change direction to  [33]. 

 

For the fixed-wing UAV system properties used for simulation results in this paper (listed in 
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paths eliminated by this method, and are therefore far better suited for denser obstacle fields. It is the 

buffering of obstacles and the elimination of traversable edges that makes our framework rather 

conservative. Many paths will be outright eliminated by the addition of buffer zones around obstacles 

and the constraint of road width eliminates even more potential paths. Thus, surveillance over many 

regions will potentially be incomplete unless the sensors or cameras on the UAVs fly high enough or 

have wide enough fields of view. This again is the price we pay for a method that does not require 

extensive simulation testing, or field testing, or heavy human intervention. 

 

2.2 Region Division (Step 9) 

Region division is performed to convert a mTSP into TSPs for the individual vehicles, and this is 

accomplished with one of two region division algorithms; uniform region division (URD) and KVRD 

(Figure 7). 

Fig. 6.  Minimum radius rmin allowing UAV to change direction to Wi+1 [33].
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for denser obstacle fields. It is the buffering of obstacles 

and the elimination of traversable edges that makes our 

framework rather conservative. Many paths will be outright 

eliminated by the addition of buffer zones around obstacles 

and the constraint of road width eliminates even more 

potential paths. Thus, surveillance over many regions will 

potentially be incomplete unless the sensors or cameras on 

the UAVs fly high enough or have wide enough fields of view. 

This again is the price we pay for a method that does not 

require extensive simulation testing, or field testing, or heavy 

human intervention.

2.2 Region Division (Step 9)

Region division is performed to convert a mTSP into TSPs 

for the individual vehicles, and this is accomplished with one 

of two region division algorithms; uniform region division 

(URD) and KVRD (Fig. 7).

Once the area of interest is divided into m number of 

regions, we can deploy the m UAVs to each zone for the 

surveillance mission which results inter-vehicle collision-

free flights. From time to time, trajectories might get too 

close at the borders of the regions covered by different UAVs. 

To check for potential conflicts, the arrival time of UAVs at 

various nodes is used. For these paths that fall within a 

threshold, we either launch one UAV in the other direction 

around its loop to avoid possible collisions or simply change 

the altitude of one of the UAVs. We use altitude separation 

when a simple reversal of launch direction around the circuit 

fails to avoid potential conflicts.

3.  Optimization Objectives: Time and Fuel 
Efficiency

3.1 m Optimization (Step 9)

The optimization formulation that uses the times of all 

paths is briefly recapitulated here and uses an assignment-

based double-index integer programming:

14 

 (a) URD method. 

 (b) KVRD method. 

Fig. 7. URD and KVRD methods. 
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threshold, we either launch one UAV in the other direction around its loop to avoid possible collisions 

or simply change the altitude of one of the UAVs. We use altitude separation when a simple reversal 

of launch direction around the circuit fails to avoid potential conflicts. 

 

3. Optimization Objectives: Time and Fuel Efficiency 

3.1 m Optimization (Step 9) 

The optimization formulation that uses the times of all paths is briefly recapitulated here and uses 

an assignment-based double-index integer programming: 

1 1 1

1 1,

2

2

min  

s.t.   ,

       1 for any ,

       1 for any ,

       1 for any ,

       0

  

  









   
     
      

 









 

 






m n n

mission ijk ijk k k
k i j

m m

p q t
p q p q

n

ijk
j

n

jik
j

ijk
i j

ijk
i j

E t c x w o

t t T

x k

x k

x k

x

 

 for any ,

       ,  for ,
       , 0,

 




ijk t

k k

k

c G i j i j
w o

                                                 (5) 

where ���� is the time taken by the kth UAV between the ith and jth nodes, ���� ∈ �0,1�, n is the 

number of vertices, m is the number of UAVs, �� is the time array among nodes �� � ��, �� is the 

time increase due to wind disturbances, �� is the time increase due to unexpected obstacles, �� and 

�� are the time taken by the pth and qth UAVs which is �∑ ∑ ������ � � � ��������� �������, and �� is 

the threshold. The first constraint equation is used to ensure similar total distance of trajectories 

among m regions. Here, an appropriate threshold, ��, is desired since the simulation time is getting 

longer as �� is getting smaller. It is solved through dividing the area under consideration into m 

regions, and solving individual m TSPs, one for each UAV as seen at the end of the previous section. 

The solution to the decentralized problem is checked to see if it meets mTSP constraints before it is 

stored offline for online use. Thus, we can have solutions that meet all constraints even if not globally 

(5)

where cijk is the time taken by the kth UAV between the ith 

and jth nodes, xijk∈{0,1}, n is the number of vertices, m 

is the number of UAVs, Gt is the time array among nodes 

(n×n), wk is the time increase due to wind disturbances, 

ok is the time increase due to unexpected obstacles, tp 

and tq are the time taken by the pth and qth UAVs which 

is 
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where ���� is the time taken by the kth UAV between the ith and jth nodes, ���� ∈ �0,1�, n is the 

number of vertices, m is the number of UAVs, �� is the time array among nodes �� � ��, �� is the 

time increase due to wind disturbances, �� is the time increase due to unexpected obstacles, �� and 

�� are the time taken by the pth and qth UAVs which is �∑ ∑ ������ � � � ��������� �������, and �� is 

the threshold. The first constraint equation is used to ensure similar total distance of trajectories 

among m regions. Here, an appropriate threshold, ��, is desired since the simulation time is getting 

longer as �� is getting smaller. It is solved through dividing the area under consideration into m 

regions, and solving individual m TSPs, one for each UAV as seen at the end of the previous section. 

The solution to the decentralized problem is checked to see if it meets mTSP constraints before it is 

stored offline for online use. Thus, we can have solutions that meet all constraints even if not globally 

, and Tt is the threshold. 

The first constraint equation is used to ensure similar 

total distance of trajectories among m regions. Here, an 

appropriate threshold, Tt, is desired since the simulation 

time is getting longer as Tt is getting smaller. It is solved 

through dividing the area under consideration into m 

regions, and solving individual m TSPs, one for each UAV 

as seen at the end of the previous section. The solution 

to the decentralized problem is checked to see if it meets 

mTSP constraints before it is stored offline for online use. 

Thus, we can have solutions that meet all constraints even 

if not globally optimal. To move closer to fuel optimality, 

we equalize the trajectories systematically as described 

below.

3.2 Node Exchange Algorithm (NEA) (Step 9)

Even if the identical UAVs we consider here carry equal 

amounts of fuel, overall fuel efficiency of a mission might 

degrade if the total length of each trajectory is not equalized 

among UAVs. This is due to the fact that some UAVs fly 

more than the others so that these UAVs need to visit the 

ground station for refueling while other UAVs are still 

flying. Trajectory equalization using NEA can ameliorate 

this problem and is attained by exchanging adjacent nodes 

among m trajectories (Fig. 8): 

1.  If any two adjacent UAVs have greatly differing 

trajectories (and therefore times) as determined by 

a threshold Td, starting with regions 1 and 2, pick the 

closest two nodes among nodes in the longest trajectory 

and nodes in its adjacent trajectories. We assume those 

two nodes are A and C.

2.  Move the node C in the longest trajectory to the adjacent 

trajectory which contains the closest node from the 

longest trajectory. Then, re-run individual TSPs, and 

check if the overall solution satisfies mTSP constraints. 

If there are conflicts, use launch reversal for one of the 

UAVs (change its direction of traverse on its circuit), and 

if the mTSP constraints are still not satisfied, introduce 

an additional altitude for one of the UAVs.

3.  Continue steps 1 and 2 until the trajectory lengths do not 

come any closer. If no reductions are achieved, proceed 

to performing the steps 1 and 2 with other adjacent UAV 

trajectories.

4.  Continue steps 1 through 3 until the difference between 

the maximum and minimum trajectory times for all 

regions becomes less than Td, or ceases to decrease.

Figures 9 and 10 compare results both without and with 

NEA. In Fig. 10(a), red and green circles represent the nodes 

which are exchanged between the two regions to equalize 
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optimal. To move closer to fuel optimality, we equalize the trajectories systematically as described 

below. 
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the total trajectory distances. This shows only five nodes 

being exchanged before no appreciable changes in length 

remain based on our thresholding. Here, the regions are 

indexed by the serial number of the UAV.

3.3 Path Following (Step 10)

Path following is attained through following the GPS 

waypoints established by the mission planning hierarchy 

after the trajectory equalization with the NEA in the previous 

step. All our simulations use the same model as in Eq. (4). 

The generated final trajectories are shown in Fig. 11.

4. Simulation Results

4.1 Parameters and Initialization

All simulations are performed with fixed-wing vehicles 

which have the following system properties; vmin=5 m/s, 

vmax=10 m/s, vinitial=[0,0,0] m/s, amax=10 m/s2, Altitudemin=25 

m, Altitudemax=50 m, Altitudenormal=30 m, τx=0.25 s, and 

τv=0.5 s where τx is the position tracking time constant and 

τv is the velocity tracking time constant. The time step used 

in MATLAB/Simulink used is 0.01 s. We use a desktop with 

Intel(R) Core(TM) 2 Duo CPU 3.00 GHz Processor, 64-bit 

Operating System, and 4.00 GB RAM. In Fig. 12(a-c), red 

lines represent candidate trajectories and green lines are 

selected trajectories for UAV flights. In Fig. 12(d-f), the blue 

lines show final path results drawn in Google Earth software.

When the buffer size around obstacles is increased, some 

coalesce together, and in some cases, traversable paths are 

no longer traversable as in Fig. 12(b) and (c). The trajectory 

output with both buffering around obstacles and road width 

constraints (Fig. 12(c)) guarantees that the UAV will be safe 

regardless of photograph error, combinatorial error, vehicle 

dynamic error, and usual environmental disturbances.

4.2 Discussion

The preplanned flight path of Fig. 10(b) is simulated as 

shown in Fig. 13. Red rectangles represent starting locations 

of UAVs and red circles represent ending locations of UAVs. 

There are ripples along the trajectories largely due to the 

time constants, τx and τv, but UAVs generally fly well along 

the predetermined trajectories. Thus, the times and fuel 

consumption numbers hew closely to the numbers used 

in the mTSP formulation. With conservative settings of 

maximum and minimum velocities and accelerations, 

simple flight management will ensure vehicles reach 

different nodes at prescribed times, and fuel consumption is 

precisely on target. The ripples in trajectories do not result in 

any collisions with obstacles since we have used both road 

width constraints developed to account for those ripples and 

buffers around obstacles calculated to account for all other 

17 

solution satisfies mTSP constraints. If there are conflicts, use launch reversal for one of the 

UAVs (change its direction of traverse on its circuit), and if the mTSP constraints are still not 

satisfied, introduce an additional altitude for one of the UAVs. 

3. Continue steps 1 and 2 until the trajectory lengths do not come any closer. If no reductions are 

achieved, proceed to performing the steps 1 and 2 with other adjacent UAV trajectories. 

4. Continue steps 1 through 3 until the difference between the maximum and minimum trajectory 

times for all regions becomes less than , or ceases to decrease. 
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circles represent the nodes which are exchanged between the two regions to equalize the total 

trajectory distances. This shows only five nodes being exchanged before no appreciable changes in 

length remain based on our thresholding. Here, the regions are indexed by the serial number of the 

UAV. 

      

(a) Total nodes before NEA is applied.     (b) Trajectories before NEA is applied. 

Fig. 9. Before NEA is applied using four UAVs with URD method (unit: m) 
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Fig. 9. Before NEA is applied using four UAVs with URD method (unit: m)
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(a) Total nodes before NEA is applied.     (b) Trajectories before NEA is applied. 

Fig. 9. Before NEA is applied using four UAVs with URD method (unit: m) 

 

      
                                                              (a) Total nodes after NEA is applied.                        (b) Trajectories after NEA is applied.

Fig. 10. After NEA is applied using four UAVs with URD method (unit: m).
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(a) Total nodes after NEA is applied.       (b) Trajectories after NEA is applied. 

Fig. 10. After NEA is applied using four UAVs with URD method (unit: m). 

 

3.3 Path Following (Step 10) 

Path following is attained through following the GPS waypoints established by the mission 

planning hierarchy after the trajectory equalization with the NEA in the previous step. All our 

simulations use the same model as in Eq. (4). The generated final trajectories are shown in Figure 11. 

 

Fig. 11. Collision-free paths in the Path Following algorithm (step 10). 

 

4. Simulation Results 

4.1 Parameters and Initialization 

All simulations are performed with fixed-wing vehicles which have the following system properties; 

, , , , , 

Fig. 11. Collision-free paths in the Path Following algorithm (step 10).
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, , , and  where  is the 

position tracking time constant and  is the velocity tracking time constant. The time step used in 

MATLAB/Simulink used is 0.01 s. We use a desktop with Intel(R) Core(TM) 2 Duo CPU 3.00 GHz 

Processor, 64-bit Operating System, and 4.00 GB RAM. In Figure 12(a-c), red lines represent 

candidate trajectories and green lines are selected trajectories for UAV flights. In Figure 12(d-f), the 

blue lines show final path results drawn in Google Earth software. 

When the buffer size around obstacles is increased, some coalesce together, and in some cases, 

traversable paths are no longer traversable as in Figure 12(b) and (c). The trajectory output with both 

buffering around obstacles and road width constraints (Figure 12(c)) guarantees that the UAV will be 

safe regardless of photograph error, combinatorial error, vehicle dynamic error, and usual 

environmental disturbances. 

     

(a) With a road width constraint . 

(b) With  buffer around all obstacles. 

(c) With  buffer size and  road width constraint. 

(a) With a road width constraint et2 (=4.04 m).
(b) With et1 (=13.53 m) buffer around all obstacles.
(c) With et1 buffer size and et2 road width constraint.
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(d) With a road width constraint  (Google Earth). 

(e) With  buffer around all obstacles (Google Earth). 

(f) With  buffer size and  road width constraint (Google Earth). 

Fig. 12. Trajectories for robustness verification by changing the buffer size with imaginary obstacles 

(Squirrel Park, West Lafayette, IN, USA (lat: 40.422108°, lon: -86.932187°)). 

 

4.2 Discussion 

The preplanned flight path of Figure 10(b) is simulated as shown in Figure 13. Red rectangles 

represent starting locations of UAVs and red circles represent ending locations of UAVs. There are 

ripples along the trajectories largely due to the time constants,  and , but UAVs generally fly 

well along the predetermined trajectories. Thus, the times and fuel consumption numbers hew closely 

to the numbers used in the mTSP formulation. With conservative settings of maximum and minimum 

velocities and accelerations, simple flight management will ensure vehicles reach different nodes at 

prescribed times, and fuel consumption is precisely on target. The ripples in trajectories do not result 

in any collisions with obstacles since we have used both road width constraints developed to account 

for those ripples and buffers around obstacles calculated to account for all other uncertainties. Hover 

capable vehicles will have far smoother trajectories as they can hover at zero forward velocity. An 

(d) With a road width constraint et2 (=4.04 m) (Google Earth).
(e) With et1 (=13.53 m) buffer around all obstacles (Google Earth).
(f ) With et1 buffer size and et2 road width constraint (Google Earth).

Fig. 12.  Trajectories for robustness verification by changing the buffer size with imaginary obstacles (Squirrel Park, West Lafayette, IN, USA (lat: 
40.422108°, lon: -86.932187°)).
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uncertainties. Hover capable vehicles will have far smoother 

trajectories as they can hover at zero forward velocity. An 

important point to note here is that our framework attains 

end-to-end automation, using maps and controlled UAV 

dynamics to produce mission plans that are directly and 

safely executable.

Figure 14 shows the trade-offs inherent in using different 

numbers of UAVs for a mission. It shows that for small fleet 

sizes, and small missions, the attempt to equalize trajectory 

lengths using the NEA does not produce any significant 

changes. In general, though, without trajectory equalization 

through the NEA, the difference between trajectories has 

larger max distance than the one with NEA (Fig. 14(a)) 

and the case without NEA has lower min distance than 

the one with NEA (Fig. 14(b)). Also, the case with NEA has  

much less max-min value compared to the case when NEA 

is not applied (Fig. 14(c)) and this result shows that NEA 

indeed flattens differences of traveling distances among 

m trajectories. In addition, we observe that total traveling 

distances calculated without NEA and with NEA do not have 

significant differences (Fig. 14(d)).

5. Concluding Remarks

We have shown methods of achieving quantification 

of uncertainty and its propagation to make scalable 

autonomous UAV operations robust. We have illustrated 

the method for the problem of surveillance of a region. 

Robustness has been guaranteed with buffer zones around 

static and dynamic obstacles calculated by taking into 

account all error sources in the mission planning hierarchy 

we developed. We also dealt with two auxiliary problems 

that arose when breaking up the mTSP problem of using m 

UAVs into TSPs for each individual UAV--the avoidance of 

conflicts and the equalization of endurance.
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Our methods do not require extensive simulation for 

verification because they are very conservative. This will 

result in our system not finding solutions to problems 

even where they exist, in obstacle rich environments. This 

is the price we pay for easier computation and robustness. 

However, a combination of our framework and human 

intervention could potentially solve many such problems. 

There are a great variety of applications in surveillance, 

search, monitoring, target acquisition and tracking that 

can immediately use our framework, and we are working 

on some of them. The method easily extends to UAVs and 

manned aircraft in environments that are less obstacle rich 

or relatively sparse, such as the National Airspace System 

and can potentially find use in integrating UAVs into regular 

airspace. This is because the flight plans of commercial 

aircraft are documented and therefore their trajectories can 

be considered obstacles for UAVs to avoid.

There are many pending challenges: in unmapped or 

partially mapped regions or dynamic regions, our methods 

will likely fail as the errors of Voronoi calculation will not be 

negligible, and will propagate into the final solution along 

with other errors. As both obstacles become dense in the 

space, we will not find many traversable paths for the UAVs, 

unless they are correspondingly smaller. If the number of 

UAVs to be used is also large, we cannot easily divide the 

region and break up the mTSP for m vehicles into individual 

TSPs. We may have to use formations of UAVs instead. In 

these obstacle dense and vehicle dense environments, the 

methods will likely work for hover capable vehicles like 

quad-rotors, but may no longer work for fixed-wing vehicles. 

It is possible however that the integration of sensing in 

these vehicle and obstacle rich environments can overcome 

all of these limitations. There is thus great potential for 

integration of our framework with SLAM (simultaneous 

localization and mapping) algorithms. But given the fact that 

SLAM algorithms do not have deterministic performance 

guarantees [43], our guarantees of collision free performance 

may not carry over to such situations. This opens up several 

interesting questions.

References

[1] DIY Drones, https://goo.gl/YHvG7Q.

[2] Han, J., Xu, Y. and Chen, Y., “Low-Cost Multi-UAV 

Technologies for Contour Mapping of Nuclear Radiation 

Field”, Journal of Intelligent and Robotic Systems, Vol. 70, No. 

1, 2013, pp. 401-410.

[3] Chao, H., Baumann, M., Jensen, A., Chen, Y., Cao, 

Y., Ren, W. and McKee, M., “Band-Reconfigurable Multi-

UAV-Based Cooperative Remote Sensing for Real-time 

Water Management and Distributed Irrigation Control”, 

Proceedings of the IFAC World Congress, Seoul, Korea, 2008.

[4] Stehr, N. J., “Drones: The Newest Technology for 

Precision Agriculture”, Journal of Natural Resources and Life 

Sciences Education, Vol. 44, No. 1, 2015, pp. 89-91.

[5] Hausamann, D., Zirnig, W., Schreier, G. and Strobl, 

P., “Monitoring of Gas Pipelines – Civil UAV Application”, 

Aircraft Engineering and Aerospace Technology, Vol. 77, No. 

5, 2005, pp. 352-360.

[6] Kabamba, P. T., Meerkov, S. M. and Zeitz, F. H., “Optimal 

Path Planning for Unmanned Combat Aerial Vehicles to 

Defeat Radar Tracking”, Journal of Guidance, Control, and 

Dynamics, Vol. 29, No. 2, 2006, pp. 279-288.

[7] Chen, Y., Luo, G., Mei, Y., Yu, J. and Su, X., “UAV Path 

Planning using Artificial Potential Field Method Updated by 

Optimal Control Theory”, International Journal of Systems 

Science, Vol. 47, No. 6, 2016, pp. 1407-1420.

[8] Yoo, C., Fitch, R. and Sukkarieh, S., “Onling Task 

Planning and Control for Fuel-Constrained Aerial Robots in 

Wind Field”, The International Journal of Robotics Research, 

Vol. 35, No. 5, 2016, pp. 438-453.

[9] Enright, J. J., Frazzoli, E., Pavone, M. and Savla, K., 

Handbook of Unmanned Aerial Vehicles: UAV Routing and 

Coordination in Stochastic Dynamic Environments, 1st Ed., 

Springer, Houten, Netherlands, 2015.

[10] Wang, J., Garratt, M., Lambert, A., Wang, J. J., Han, 

S. and Sinclair, D., “Integration of GPS/INS/Vision Sensors 

to Navigate Unmanned Aerial Vehicles”, The International 

Archives of the Photogrammetry, Remote Sensing and Spatial 

Information Sciences, Vol. 37, 2008, pp. 963-970.

[11] Google Earth, https://goo.gl/t4VDG1.

[12] McGee, T. G., Spry, S. and Hedrick, J. K., “Optimal Path 

Planning in a Constant Wind with a Bounded Turning Rate”, 

AIAA Guidance, Navigation, and Control Conference and 

Exhibit, San Francisco, CA, USA, 2005.

[13] Jackson, S., Tisdale, J., Kamgarpour, M., Basso, B. and 

Hedrick, J. K., “Tracking Controllers for Small UAVs with 

Wind Disturbances: Theory and Flight Results”, Proceedings 

of the 47th IEEE Conference on Decision and Control, Cancun, 

Mexico, 2008.

[14] Beard, R. W. and McLain, T. W., Small Unmanned 

Aircraft: Theory and Practice, 1st Ed., Princeton University 

Press, New Jersey, USA, 2012.

[15] Ceccarelli, N., Enright, J. J., Frazzoli, E., Rasmussen, 

S. J. and Schumacher, C. J., “Micro UAV Path Planning for 

Reconnaissance in Wind”, Proceedings of the American 

Control Conference, New York City, NY, USA, 2007.

[16] Kingston, D. and Beard, R., UAV Splay State 

Configuration for Moving Targets in Wind, Advances in 

(767~779)2017-100.indd   778 2018-01-06   오후 7:15:38



779

Sunghun Jung    Robustness for Scalable Autonomous UAV Operations

http://ijass.org

Cooperative Control and Optimization, 1st Ed., Springer, 

Heidelberg, Germany, 2007.

[17] Shima, T. and Rasmussen, S., UAV Cooperative 

Decision and Control: Challenges and Practical Approaches, 

1st Ed., Society for Industrial Mathematics (SIAM), 

Philadelphia, USA, 2009.

[18] Shanmugavel, M., Tsourdos, A., White, B. and 

Zbikowski, R., “Co-Operative Path Planning of Multiple UAVs 

Using Dubins Paths with Clothoid Arcs”, Control Engineering 

Practice, Vol. 18, No. 9, 2010, pp. 1084-1092.

[19] Shanmugavel, M., Tsourdos, A., Zbikowski, R. and 

White, B. A., “3D Dubins Sets Based Coordinated Path 

Planning for Swarm of UAVs”, AIAA Guidance, Navigation, and 

Control Conference and Exhibit, Keystone, CO, USA, 2006.

[20] Valenti, M., Dale, D., How, J. and Vian, J., “Mission 

Health Management for 24/7 Persistent Surveillance 

Operations”, AIAA Guidance, Navigation, and Control 

Conference and Exhibit, Hilton Head, SC, USA, 2007.

[21] Smith, J. F. III and Nguyen, T. H., Fuzzy Logic Based 

UAV Allocation and Coordination, Informatics in Control 

Automation and Robotics, 1st Ed., Springer, Heidelberg, 

Germany, 2008.

[22] How, J. P., Bethke, B., Frank, A., Dale, D. and Vian, J., 

“Real-Time Indoor Autonomous Vehicle Test Environment”, 

Control Systems, Vol. 28, No. 2, 2008, pp. 51-64.

[23] Valenti, M., Bethke, B., How, J. P., de Farias, D. P. and 

Vian, J., “Embedding Health Management into Mission 

Tasking for UAV Teams”, American Control Conference, New 

York, NY, USA, 2007.

[24] Bethke, B., How, J. P. and Vian, J., “Group Health Management 

of UAV Teams with Applications to Persistent Surveillance”, 

American Control Conference, Seattle, WA, USA, 2008.

[25] Bethke, B., Valenti, M. and How, J. P., “UAV Task 

Assignment”, IEEE Robotics & Automation Magazine, Vol. 15, 

No. 1, 2008, pp. 39-44.

[26] Zhao, Y. J. and Qi, Y. C., “Minimum Fuel Powered 

Dynamic Soaring of Unmanned Aerial Vehicles Utilizing 

Wind Gradients”, Optimal Control Applications and Methods, 

Vol. 25, No. 5, 2004, pp. 211-233.

[27] Foo, J., Knutzon, J., Oliver, J. and Winer, E., “Three-

Dimensional Path Planning of Unmanned Aerial Vehicles 

using Particle Swarm Optimization”, 11th AIAA/ISSMO 

Multidiciplinary Analysis and Optimization Conference, 

Portsmouth, VA, USA, 2006.

[28] Subchan, S., White, B. A., Tsourdos, A., Shanmugavel, 

M. and Zbikowski, R., “Dubins Path Planning of Multiple 

UAVs for Tracking Contaminant Cloud”, Proceedings of the 

17th World Conference on the International Federation of 

Automatic Control, Seoul, Korea, 2008.

[29] Savla, K., Frazzoli, E. and Bullo, F., “Traveling Salesperson 

Problems for the Dubins Vehicle”, IEEE Transactions on 

Automatic Control, Vol. 53, No. 6, 2008, pp. 1378-1391.

[30] Kenefic, R. J., “Finding Good Dubins Tours for UAVs 

Using Particle Swarm Optimization”, Journal of Aerospace 

Computing, Information, and Communication, Vol. 5, No. 2, 

2008, pp. 47-56.

[31] Ge, S. S., Lai, X. C. and Mamum, A. A., “Sensor-Based 

Path Planning for Nonholonomic Mobile Robots Subject to 

Dynamic Constraints”, Robotics and Autonomous Systems, 

Vol. 55, No. 7, 2007, pp. 513-526.

[32] Jung, S. and Ariyur, K. B., “Enabling Operational 

Autonomy for UAVs with Scalability”, Journal of Aerospace 

Computing, Information, and Communications, Vol. 10, No. 

11, 2013, pp. 516-529.

[33] Ariyur, K. B. and Fregene, K. O., “Autonomous 

Tracking of a Ground Vehicle by a UAV”, American Control 

Conference, Seattle, WA, USA, 2008.

[34] Jung, S. and Ariyur, K. B., “Scalable Autonomy for 

UAVs”, Infotech@Aerospace 2001, St. Louis, MO, USA, 2011.

[35] New Google Earth Satellite Launching Today, https://

goo.gl/046oG6.

[36] Potere, D., “Horizontal Positional Accuracy of Google 

Earths High-Resolution Imagery Archive”, Sensors, Vol. 8, No. 

12, 2008, pp. 7973-7981.

[37] Chang, A., Parrales, M., Jimenez, J., Sobieszczyk, M., 

Hammer, S., Copenhaver, D. and Kulkarni, R., “Combining 

Google Earth and GIS Mapping Technologies in a Dengue 

Surveillance System for Developing Countries”, International 

Journal of Health Geographics, Vol. 8, No. 1, 2009, pp. 1-11.

[38] Grigillo, D., Fras, M. K. and Petrovic, D., “Automated 

Building Extraction from IKONOS Images in Suburban 

Areas”, International Journal of Remote Sensing, Vol. 33, No. 

16, 2012, pp. 5149-5170.

[39] He, X. C. and Yung, N. H. C., “Corner Detector 

Based on Global and Local Curvature Properties”, Optical 

Engineering, Vol. 47, No. 5, 2008, pp. 057008-1-057008-12.

[40] Hoff, K. E. III, Keyser, J., Lin, M., Manocha, D. and 

Culver, T., “Fast Computation of Generalized Voronoi 

Diagrams Using Graphics Hardware”, Proceedings of the 26th 

Annual Conference on Computer Graphics and Interactive 

Technique, Los Angeles, CA, USA, 1999.

[41] NXP. MPXV7002 Integrated Silicon Pressure Sensor 

On-Chip Signal Conditioned, Temperature Compensated 

and Calibrated, https://goo.gl/QQRYdX.

[42] U-blox, LEA-6 u-blox 6 GPS Modules Data Sheet, 

https://goo.gl/1FpXCv.

[43] Caballero, F., Merino, L., Ferruz, J. and Ollero, A., 

“Vision-Based Odometry and SLAM for Medium and High 

Altitude Flying UAVs”, Journal of Intelligent and Robotic 

Systems, Vol. 54, No. 1, 2009, pp. 137-161.

(767~779)2017-100.indd   779 2018-01-06   오후 7:15:38


