
 

 
Abstract—This paper discusses a class of mission planning 

problems that generalizes the standard Multiple Depot Vehicle 
Routing Problem with Time Windows (MDVRPTW) to 
incorporate complicated technical constraints. These 
constraints are specified via Metric Temporal Logic (MTL). A 
tree search algorithm is provided to solve that novel 
MDVRPTW with MTL specifications (MDVRPMTL) to 
optimality. In this work, we use tree search algorithm to seek 
the optimal flyable trajectories for teams of UAVs starting 
from different depots to complete missions with complicated 
time and technical requirements. Then a Stochastic Dynamic 
Programming (SDP) based algorithm is proposed to 
dynamically tune the UAV teams in order to secure them 
against adversarial actions. Examples for practical mission 
planning problems, in which MTL is used as a high level 
language to specify complex mission tasks, are presented and 
discussed in the paper. 

I. INTRODUCTION 
Due in part to their low cost, small size, and their ability to 

be controlled autonomously, there is currently a great deal of 
interest in having autonomous vehicles carrying sensors and 
communication devices conduct military ISR (intelligence, 
surveillance, reconnaissance) missions [1] and remote 
environmental monitoring [2]. In order to manage remote 
operation of these tasks, a number of mission definition 
languages have been developed like CCL [3], MRL [4], 
MissionLab [5], and CSL [6]. High-level coordination 
algorithms [7] increase the capability of these autonomous 
vehicles for executing more complex tasks with reduced 
human supervision.  This makes it possible for a single user 
to control a small fleet of vehicles. Obviously it is 
unreasonable to expect a user to remotely pilot more than 
one individual UAV concurrently. Also knowing how to 
account for all situations well before execution is equally 
unlikely because complex ISR missions depend greatly on 
situational factors. Mission definition languages and high-
level coordination methodologies seek to find a useable 
middle ground. 

A. Linear temporal logic  
 Linear Temporal Logic (LTL) has been introduced as a 

tool for formal specification of dynamical control systems 
[8]. LTL differs from the aforementioned expressive 
languages by its simplicity in addressing all the properties 

needed for high-confidence operation of today’s embedded 
systems. Moreover, after such properties are specified, it is 
also required to check satisfaction of these specifications for 
a given control system, and design control systems that 
satisfy the given specification by construction. Using 
temporal logic as a specification, one can employ well-
developed model-checking techniques [9] in order to decide 
whether a given problem satisfies a set of temporal 
specifications. Temporal logic has been used for planning in 
Artificial Intelligence [10] and in Control Theory as early as 
the eighties [11]. LTL has been also used for the standard 
Vehicle Routing Problem (VRP) [12]. 

B. Metric temporal logic 
Even though LTL allows operators to consider VRP with 

conditionally heterogeneous vehicles and customers, as well 
as the ordering of servicing customers, one cannot reason 
about the exact time difference between the events or exact 
deadlines for events to occur in the problem. To remedy this 
problem, researchers introduced a strictly more expressive 
real-time Metric Temporal Logic (MTL) [13]-[14]. MTL can 
address the Vehicle Routing Problem with Metric Temporal 
Logic Specifications. This new variant of VRP is a 
generalization of the well-known Vehicle Routing Problem 
with Time Windows [15]. The standard VRP requires all 
customers to be serviced by all the vehicles. However, in 
some missions, there might be heterogeneous targets and 
UAVs in which not all the objectives must be accomplished 
nor all UAVs must be used. Then, the mission planning 
algorithm should be able to decide when and which target to 
service using perhaps a cautiously selected subset of the 
UAVs in order not to risk them all. An important problem 
then, is the specification of these constraints in a natural 
manner using a high-level expressive language. Given the 
specifications, solution methods are also required that will 
plan the mission in an optimal way considering the given 
constraints.  

C. Computational complexity 
VRP and its variants are NP-hard problems and NP- 

complete problems. Since the Multiple Depot Vehicle 
Routing Problem with Time Window (MDVRPTW) is a 
generalization of the VRP itself, it is a NP-hard and NP- 
complete. Moreover, this paper is a combination of both a 
MDVRPTW and a MTL based planning problem. Thus 
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while searching for optimal solution, we will find the time 
expanded rapidly as a function of the input size. Also on the 
other hand, tree and bound search is also time consuming. 
So we enhanced the tree search algorithms to solve the 
MDVRPMTL in a reasonable range of time. Accordingly, 
we will present solutions for some practical problem sizes.  

D. Contributions statement 
The original contributions of this paper are as follows. 

First, we combine two different variants of the standard VRP 
into one problem (MDVRPTW). Second, we propose an 
approach utilizing the Metric Temporal Logic language for 
formal specification of MDVRP with Time Window. We 
argue with examples that MTL is a quite natural language to 
model the mission objectives and several complicated timing 
and other constraints. Third, we present tree search-based 
methods that solve a set of MDVRPMTL instances to 
optimality offline under some technical assumptions. Fourth, 
since we are dealing with adversarial uncertainty, we 
couldn’t rely on the tree search algorithm only to solve our 
combined problem to optimality. So we involved a 
dynamical controller (SDP-based algorithm fine tuning 
controller) to account for changes in the adversarial 
environment. In our optimal solution approach, we utilize 
the tree search and SDP formulations of the MDVRPMTL in 
order to partially model multi-UAV mission planning 
problems of practical sizes. 

E. Organization of the manuscript 
This manuscript is organized as follows. In section II, we 

provide some preliminaries, and then introduce the Metric 
Temporal language with its syntax and semantics. We 
present the basic Vehicle Routing Problem definition and 
formulation and its variants in section III. Section IV is 
devoted to presenting the solution approach in which tree 
search algorithm and Stochastic Dynamic Programming 
(SDP)-based methods are used. Simulation results for a 
multi-UAV mission planning example are provided in 
section V. The paper ends with conclusions.  

II. METRIC TEMPORAL LOGIC 
In this section, we introduce Metric Temporal Logic 

(MTL) with a similar notation as in [14]. The MTL syntax 
and semantics will be discussed and described using timed 
state sequences. 

A. Syntax of MTL 
The syntax of MTL can be defined recursively as follows. 

The atomic proposition p together with the unary and 
binary operators of MTL construct the MTL formulae. The 
domain for all MTL formulae is the Boolean set, i.e. the 
formula is either True or False at some given time for a 
given timed state sequence. If and are formulae then so 

are U  and,, . Thus, we can recursively 
define MTL grammar as: 

2121  :: IUp  (1) 

Where I is an interval, p is an atomic proposition, 

21,, are MTL formulae.  is the negation operator, is 
the conjunction operator and IU  is the until operator. The 
temporal operator until, when used as IU , this implies 
that will keep being true within the interval (t, t until 
becomes true at some time Itt ' . Using the 
aforementioned operators, we can also define some more 
operators like disjunction ( ), implication ( ) and 
equivalency ( ). 

B. MTL semantics 
Given a transition system , if a run  on  satisfies a 

formula  at some states sj at time j, this will be denoted by 
( , ) . Let = ( , ) be a timed state sequence, so the 
timed state sequence  satisfies the formula if and only 
if . Now we will define the MTL semantics by the 
following recursive definition of the satisfaction relation .  p                iff  so   p; (2) 

 ¬    iff     ;         (3) 
   1  2  iff    1    2;           (4) 

   1  2  iff    1    2;              (5) 
     21 IU      iff   t  I, t   2 

                                         and  t  t    1.          (6) 

    I           iff    t  I, t   ;      (7) 
   I     iff   t   I, t    .     (8) 

III. VEHICLE ROUTING PROBLEM 
This section introduces the Vehicle Routing Problem 

(VRP) and its variants. It is developed independently from 
the previous section. Before representing our novel variant 
of VRP, the basic VRP definition and formulation are 
discussed. The section will end by describing our original 
problem.      

A. Basic VRP 
The Vehicle Routing Problem (VRP) and its many 

variants have been studied in the literature for more than half 
a century since [16]. VRP is a generic name given to a whole 
class of problems in which a set of routes for a fleet of 
vehicles based at one or several depots must be determined 
for a number of geographically dispersed cities or customers. 
The objective of the VRP is to service a set of customers 
with known demands on minimum-cost vehicle routes 
originating and terminating at a depot. Numerous methods 
have been developed for searching the optimum solution for 
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the problem, but even for the smallest problems, finding the 
global minimum for the cost function is computationally 
complex. 

B. VRP formulation 
The VRP is a combinatorial problem whose ground set is 

the edges of a graph G = (V,  The notation used for this 
problem is as follows:  

 V = {v0,v1,…..,vn} is a vertex set of locations.  
 E is the set of n cities.  
 C is a matrix of non-negative costs or distances cij 

between customers vi and vj.  
 Ri is the route for vehicle i. 
 m is the number or vehicles (all identical and 

travelling at constant speeds). One route is assigned 
to each vehicle.  

The VRP thus consists of determining a set of m vehicles 
routes of minimal total cost, starting and ending at a depot, 
such that every vertex in V is visited exactly once by one 
vehicle. 
The cost of a given route (Ri ={v0, v1, ….vn+1}), where vi  
V and v0=vn+1 = 0 (0 denotes the depot), is given by: 

n

i
iii cRC

0
1,)(   (9) 

A route Ri is feasible if the vehicle stop exactly once in each 
customer and the total duration of the route does not exceed 
a prespecified bound D: C(Ri  D. 
Finally, the cost of the problem solution is: 

n

i
iVRP RCSF

1
)()(

            (10)
 

C. MDVRPMTL formulation 
In this paper, we will focus on MDVRP with time 

windows (MDVRPTW) with some technical specifications. 
The standard MDVRP requires the assignment of customers 
to depots. A fleet of vehicles is based at each depot. Each 
vehicle originates from one depot, services the customers 
assigned to that depot, and returns to the same depot. The 
basic VRPTW is when the delivery locations have time 
windows within which the deliveries (or visits) must be 
made. Our solution approach will contain a combination of 
these two problems. More interestingly, we will add some 
technical assumptions such that neither all of the customers 
nor all of the vehicles should be used. There will be some 
conjunctions and disjunctions of all these requirements, 
which would constitute a possibly very complex 
specification. Also, we are assuming that each vehicle has a 
starting depot different from its ending depot. We employ 
MTL for specification of such complex technical 
assumptions. We do this in order to emphasize real issues in 
multi-UAVs mission planning. 

IV. SOLUTION APPROACH 
We generate the solution after running two different types 

of controllers on the MDVRPMTL. The first one is an off-
line routing controller, which solves the assignment problem 
for the UAVs using a tree search algorithm. The second one 
is an online Stochastic Dynamic Programming (SDP) fine 
tuning controller, which is responsible for adapting the UAV 
teams’ configurations in the presence of dynamic changes 
and adversarial uncertainty during operations.  

A. Offline Routing 
The offline routing is composed of two parts: 

Routing MTL Formula: using a 
GUI, the operator can quickly create an environment by 
specifying the location of enemy vehicles and targets, 
friendly units, and any impassable obstacles. Then the 
operator issues high-level commands by selecting MTL 
operators as in fig (1) and map locations to create a mission. 
The algorithm uses the operator’s high level commands to 
create an MTL formula describing the mission and passes 
this formula to the baseline routing module. 

 
Fig.1.  MTL commands. 

Using fig.1 commands, the human operator will be able to 
specify the mission requirement. For example if the mission 
in a certain scenario is to service either target T4 or T1, so 
using the “or” command button the user will click on target 
T4 then hit the “or" button and again click on target T1. 
Following these steps, the simulator will understand the 
mission requirement and will generate the MTL formula for 
this mission. 

  using a tree search algorithm, this 
module generates a strategy for the mission under the given 
MTL specification, while minimizing a cost function. The 
cost function considered is a combination of risk assessment 
and flight time minimization for each UAV. 

For minimizing the flight time, the cost used is the total 
distance travelled by each UAV while prosecuting the 
targets. Using Euclidean distance for estimating the path 
length of the tree branches, each UAV will have an ordered 
list of the targets.     

2.1 Tree representation of our scenario: for a certain 
number of UAVs U = {1, 2, … Nu} performing tasks on a set 
of targets T = {1, 2, …., Nt}, the tree is constructed by 
generating nodes that represent the assignment of a vehicle i

U to a target j T at a specific time. The child nodes are 
found by enumerating all of the possible assignments that 
can be made, based on the remaining targets and 
requirements of the mission. Nodes are constructed until all 
combinations of vehicles and targets have been taken into 
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account. Note that a branch of the tree, from a root node to a 
leaf node, represents a feasible set of targets for the UAV.  

If two UAVs will launch from the same site, they will 
have the same list of targets so they may work cooperatively 
on these targets. For a scenario of three vehicles servicing 
four targets, Fig.2 shows a part of the subtree related to U1. 
In order to represent all the possible assignments for this 
scenario, there should be another two subtrees related to U2 
and U3. The top node of each of these subtrees is connected 
to the root node of the entire tree. Each node represents one 
assignment of a vehicle to a target where the notation Sij 
denotes that vehicle i servicing target j.     

 
 
 
 
 
 
 
 
 
 
 
 

Fig.2. Sample of feasible assignment for one vehicle and four targets. 

2.2 Search algorithm: our search algorithm is initiated by 
a Best First Search (BFS) algorithm that provides an 
immediate feasible assignment. Fig. 3 presents a flow chart 
of the proposed BFS algorithm for our problem.  

It starts with the root node of the tree and the estimated 
cost of each child is calculated by using the lower bound 
Euclidean distance between the assigned vehicle and its 
designated target. The child node with the smallest estimate 
is selected and the cost of a flyable trajectory to perform the 
assignment is evaluated. 

In this paper, we are intent on discussing heterogeneous 
team of targets. So in order to include risk assessment in our 
cost function, we proposed the online SDP fine tuning 
controller. 

 
 
 
 
 
 
 
 
 
 
 
 

Fig.3.  Best First Flow Chart 

B. Online fine tuning 
Most of targets in the typical VRP are considered passive. 

But in real life the UAVs might stand in front of active 
targets. We imply by active targets; targets have the shooting 
ability. So in order to secure our team against this kind of 
risk we added the SDP module. 
We consider the problem of a number of UAVs trying to 
destroy a certain number of targets at each of N periods, 
while maximizing the incurred expected cost function. 

1- State Equation: 
kdkk ePxx

ku
*)1(1  (11)

 

 The state at time k, xk, is taken to be the number of alive 
targets at the beginning of the kth period. ek is the number of 
target targets in this kth period. 

kudP is the probability of 

target destroying UAV according to the UAVs’ 
configuration decision. 

2- Control Constraint: 
}1,0{ku  (12) 

If uk = 0 , the UAVs will not collaborate at stage k, if uk = 1, 
the UAVs will collaborate at stage k . 

3- State Constraint: 
The number of alive targets must always be positive (or 
zero). 
 Nkxk ,...2,1,00             (13) 

4- Expected Value Function: 
The value function is an additive function representing the 
sum of the expected conditional reward at each step for the 
destroyed targets minus the penalty at each step for the 
destroyed UAVs. Given an admissible policy 

},.........,{ 110 N
 where

k
maps states xk into controls

)( kkk xu , and given the states xk and disturbances wk 
for the system given by )),(,(1 kkkkkk wxxfx , the 
optimal expected cost is: 

1,...,1,0}),,(

)({max)(

1

0

)(

Nkwuxg

xgExJ

N

k
kkkk

kNxUukk
kkk

  (14) 

where Jk (xk  is the optimal expected cost for (N-K) 
stages, gN (xk is the terminal cost incurred at the end of the 
process and gk (xk , uk , wk   is the cost incurred at time k.  

There is a point Pthreshold, for which before this point, the 
“do not collaborate” value is always the maximum value 
function and after this point, the “collaborate” value is the 
maximum value function.  So we tried to calculate this point 
Pthreshold for different U/T ratios. In table 1 we presented 
Pthreshold values for different U/T ratios. For detailed 
description about this controller, see our previous work [18].                
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TABLE 1. 
Pthreshold VALUES FOR DIFFERENT U/T RATIOS 

 
 
 
 
 

V. SIMULATION RESULTS 
Let us consider some military missions in order to 

illustrate the framework presented in this paper. 

A.  Multi-UAV mission as MDVRP:  

 
 
Fig.5.  Map of the military scenario A 

Let us consider a scenario with three UAVs, three launch 
sites L1, L2, L3, two landing site D1, D2 and four targets T1 
– T4. See Fig. 5 for the spatial distribution of the targets and 
the sites. In our first example, we are focusing on how well 
and fast our tree search algorithm works. All the targets are 
assumed passive, so the UAVs should visit them according 
to the shortest path cost function order list. When calculating 
the time required to travel from one target to another, we 
used the Manhattan distance as in [17] as a good measure of 
distance in urban settings. The total mission time was 20 
min. The servicing times for the targets were as given in 
table 2. Notice that after U2 serviced T4 at 12 min., it 
traveled to land on D1 at 20 min. Also U1 serviced target T1 
and target T3 then landed on D1 at 17 min. Here, we are 
assuming all the enemy units are passive, so we did not 
involve U3 and it will land on D2 at 19 min.       

TABLE 2. 
SERVICING TIMES FOR TARGETS IN MINUTES. 

 
 
 
 
 

B.  MDVRPMTL 
We now add active targets, so the mission has some 

technical specifications to meet and also risk assessment is 
included in the cost function. In this mission, we have six 
UAVs, three launch sites L1, L2, L3, two landing sites D1, 

D2 and six targets T1 – T6. Fig. 6 shows the spatial 
distribution of the targets and the sites. All the targets except 
T3 are active targets. In this setting, the UAVs should 
service either targets T4 and T5 or T2 and T3. Targets T2 
and T3 should be serviced –if at all-within the first 20 
minutes and targets T1 and T6 within 30 minutes. UAVs U1 
and U4 are at launch site L2 so they should be launched 
from there, UAVs U3 and U6 will be launched from L1 and 
L3 will be the launching site for UAVs U2 and U5. 
Furthermore, targets T3 and T6 must eventually be serviced 
by U3, and servicing T3 cannot be done in the first 3 
minutes, but target T6 should be serviced after T3. After 
servicing T6, U3 should land on D1, but it cannot land on 
D1 until target T2 is serviced. 

So in order to implement these specifications in MTL, let 
us define the following atomic propositions: P1: Target T1 
has been serviced; P2: Target T2 has been serviced; P3: 
Target T3 has been serviced by U3; P4: Target T4 has been 
serviced; P5: Target T5 has been serviced; P6: Target T6 
has been serviced by U3; P7: UAV U3 has landed on 
landing site D1; This high-level specification can be 
addressed using the following MTL formula: 

61))45()32(( ]30,0[]30,0[]20,0[]20,0[ PPPPPP  

 [0,3]¬P3 [0,30]¬P6U [0,20]P3 )27(6 ]20,0[]30,0[ PUPP  The 

mission is to meet these specifications under the condition of 
limited flight time for each UAV (60 minutes). The 
objective function was selected to be the total distance 
traveled by each UAV in order to minimize its flight time. 

  
Fig.6.  Map of the military scenario B 

 
In order to solve this mission, we enrolled U1-U3 initially 

and saved U3-U6 to join any one of them as a team if 
needed. The solution time of this mission was 58 minutes. 
The servicing times for the targets were as given in table 3. 

 
 
 
 
 
 

U/T= 1 Pthreshold =0.666 

U/T= 2 Pthreshold =0.533 
U/T = 10 Pthreshold =0.381 

Target U1 U2 
T1 5 - 
T2 - 6.5 
T3 10  
T4 - 12 
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TABLE 3. 
SERVICING TIMES FOR TARGETS IN MINUTES. 

 
 

Targets U1 U2 U3 U4 U5 U6 
T1 10   13   
T2  17   20  

T3   6    
T4 - - - - - - 
T5 - - - - - - 
T6   23   26 

 
 
From table 3, we can see the scenario of the mission was 

as follows. U3 serviced T3 first and then travelled to T6 and 
waited there for U6 to combine as a team. In the same time, 
U1and U4 serviced T1 as a team. Also U2 and U5 serviced 
T2 as a team at 20 min. All the timing and technical 
constraints have been meet. We assumed that all these active 
targets have shooting capability higher than the threshold 
point [18], so the UAVs should face them as a team.   

VI. CONCLUSIONS 
In this paper, we have emphasized the significance of 

relative timing and mission constraints for Multiple-UAV 
Mission Planning Problems. We have introduced MTL as a 
specification language to specify in a natural way very 
complicated constraints. The problem has been studied in the 
literature before in the framework of VRP. We implemented 
the problem in the structure of MDVRPTW to highlight 
some important technical issues related to Multiple-UAV 
Mission Planning Problems and we used MTL as an 
appropriate expressive language. It can be seen in the 
examples throughout the paper that MTL can be used to 
model very complicated scenarios in a natural way. 

We have studied the MDVRP and adopted it to VRPTW. 
A tree search algorithm was used to solve the problem to 
optimality. Another module was introduced to tune the UAV 
teams against adversarial uncertainty during the mission. 
Although the problem is NP-hard since it is generalization of 
VRP, we have presented several examples with practical 
sizes. The future work will be mainly focused on 
enhancement of the tree search algorithm for large scale 
applications. We also would like to consider more realistic 
assumptions about the mission, like adding obstacles in the 
UAV paths and chasing moving targets while minimizing 
the cost function.  
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