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Abstract— Automated guided vehicles (AGVs) are widely
used in warehouse and manufacturing facilities for point to
point transportation of cargo. A typical objective in such
facilities is space efficiency (store as many items as possible in a
limited space) and throughput maximization. The two objectives
are conflicting. Storing more items limits the available space for
paths that can be used by the AGVs to transport goods within
the facility, forcing the AGVs to take longer, more congested
paths limiting the facility’s throughput. Therefore, to maintain
acceptable throughput, an efficient task allocation and vehicle
coordination is required. In this paper we study the automation
of such vehicles in a warehouse with a specific topology. In the
topology considered, vehicle movement is extremely constrained
making the overall system prone to deadlocks. Delays caused
by deadlocks are significant and seriously affect operational
performance of the warehouse. Our main objective is to derive
an efficient task assignment and agent coordination policy such
that the overall system throughput is maximized. We present
a problem transformation derived by the constraints and we
propose a specific policy which is scalable and requires minimal
computational power therefore it can be applied in real time.

I. INTRODUCTION

In a warehouse, cargo containers have to be moved be-
tween loading areas and storage areas. In order to automate
this operation, special automated guided vehicles (AGVs) are
used. AGVs are assigned the task of transporting a container
from a specific point in the storage area, to the loading
area, to be loaded onto a truck or ship (or the other way
round). To limit the storage cost, operators have an incentive
to increase the number of containers that are stored in the
facility, however, this limits the available space remaining
for the AGVs to move around in the facility. Limiting the
space available for paths can lead to inefficiencies that need
to be avoided to the extent possible. For example, a deadlock
situation can occur when two AGVs travel towards each
other in opposite directions, in a path wide enough to fit
only one of them. We point out that this scenario is often
possible since establishing one-way directions on each path
may not be attractive since it can lead to even longer average
path length for the AGVs. To maximize the throughput of a
facility, one needs to solve the container allocation problem
(which AGV will get which container), the path allocation
problem (which path will be used by the AGV) and the
coordination problem (how an AGV will interact with other
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AGV’s to avoid deadlocks). The solution to these problems
is the topic of this paper.

The problem relates to the Vehicle Routing Problem
(VRP)[1] which considers a fleet of vehicles, all with the
same capabilities, used to deliver goods to a set of customers
located at different locations and then return back to the
depot. Even though several variations of the problem have
been proposed, to the best of our knowledge, none has
addressed the specific topology we are considering in this
paper. Moreover, the formulation of the VRP is at a higher
level and is generally not addressing vehicle to vehicle
interactions e.g., deadlocks.

The remaining of this paper is organized as follows.
Section II provides an overview of the related work. Section
III provides a detailed description of the warehouse problem.
Section IV presents the more general problem formulation
and problem solution. In Section V we present some results
showing the performance of our proposed policy. The paper
ends with Section VI where we state our conclusions and
our plans for future work.

II. RELATED WORK

Vehicle scheduling and routing problem in transportation,
distribution and logistics has been studied since 1959 when
Dantzig and Ramser described the VRP. The subject has
received great attention by many researchers and many
solutions have been proposed for the VRP [2] as well as
its variants, Vehicle Routing Problem with Time Windows,
Capacitated Vehicle Routing Problem and Vehicle Routing
Problem with Pick-Up and Delivery.

In the context of automated warehouses [3], vehicle rout-
ing has been addressed by several authors while the proposed
solutions for automated guided vehicles fall under three cate-
gories [4]. In (i) Static methods [5], the paths are assigned to
a single vehicle and cannot be used by any other vehicle until
the destination is reached. (ii) Time-Window based methods
like [6],[7] and more recently [8],[9], increase utilization
of the available paths, as the agents reserve path segments
only for a short period of time. Because of the complexity,
computations are done a priory. In some approaches, achieve
on-line performance by reducing the solution space using
priorities. Finally, in (iii) Dynamic methods [10], the route
planning is done completely on-line as vehicles are moving.
Because of the nature of the problem, the numerous methods
proposed to solve its general form, introduce the same
tradeoff dilemma of performance vs. computational time.

In a less constrained topology the problem of multi-
agent routing has also been addressed in [11] and references
therein. The problem of deadlock-free routing has also been
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considered in several environments using Petri Nets or graph
theoretic approaches [12], [13], [14].

To the best of our knowledge the warehouse topology we
are considering in this paper has not been studied explicitly.
In such warehouse, application of the above methods would
most likely result in inefficient policies due to the constraints
introduced. In the context of warehouse environments with a
specific topology under the assumption of cyclic scheduling,
our contribution is the development of a new, computa-
tionally efficient, deadlock free policy that solves the task
assignment and agent coordination problems.

III. PROBLEM DESCRIPTION

Fig. 1 presents the topology of the warehouse that we
consider in this paper with four agents (AGVs) that are
marked as A, B, C and D. The area is generally divided
into two main sub-areas; R1 is a “free” moving area (no
constrained paths) and R2 is the storage area where all
containers are stored. Containers need to be transported
between the storage area R2 and the loading area of R1.
In R1 agents are allowed to move freely, in all directions.
The free space in R1 is an intermediate space between the
container stack and the loading area. Agent movement in that
area in not in the focus of this work, therefore it is assumed
that agents have the hardware and software required to avoid
any collisions while traveling there.

R1 - Free moving area

R2 - Storage Area

Container ColumnsFree Aisles

A
B

C

D

Loading Area

Fig. 1. Warehouse Layout

It is assumed that the warehouse has a set A with |A| =
n similar agents used for the container transportation. We
define task sj , j = 1, 2, · · · the location of a container in R2
that needs to be transported from its current location to the
loading area in R1. The operator of the warehouse generates
a sequence of tasks S

S = {s1, s2, ..., sk}, k ∈ N

where it is assumed that k � n. In general, these tasks
need to be completed in the order that they are issued or
almost with the order they are issued. For example, tasks
s1, s2, · · · , sm are issued in this order, then it may be
acceptable to complete s2 ahead of s1, however, it is not
acceptable to complete sm ahead of s1 since the loading
area may become congested (m depends on the loading area
dimensions, the loading cranes etc).

In the proposed approach, tasks will be completed in
cycles of n i.e. we assume cyclic scheduling. In other words,
during the first cycle, the first n tasks will be assigned to the
agents. During the second cycle tasks sn+1, · · · , s2n will
be served and so on. For every cycle, the objective of the
paper is to assign tasks to agents and then solve the agent
coordination problem such that the cycle will complete in
minimum time.

A. Warehouse Topology

This research aims towards warehouses with the specific
topology shown in Fig. 1. Containers are stacked next
to each other, forming long columns leaving narrow free
aisles between them where agents can move into. In such
environment with limited amount of resources (free aisles),
precise coordination and synchronization is needed among
the agents, to achieve a good enough coordination plan.
It is assumed that the AGVs can move above and lift a
container with its wheels on the two sides of the container.
The vehicle uses the two free aisles on the two sides of a
container column to reach the desired container or to carry
the container towards R1. Note that the vehicle is tall enough
such that when it carries a container there is enough clearance
underneath to move without hitting on other containers in the
same column.

This topology is efficient, in terms of space, however, it
introduces constraints which set it apart from the general
topology problems. The container aisles are long, with a
single entry/exit point on the edge. The fact that no other
alternative access points exist in any other part of the column,
means that is not possible to switch columns once the agent
enters a column. If an agent enters in the “wrong” column,
there are no alternative paths to correct this decision i.e. to
switch to another column. To do that, an agent has to exit
from the column where it is currently in and then enter the
desired one. To do this manoeuvre, no other agent should be
in the way. For example, if an agent wants to move down to
exit while another agent moves up on the same aisle, then a
deadlock occurs.

Another constraint of the problem is the movement of
agents in two adjacent aisles. As shown in Fig. 1, when an
agent travels in a column it blocks access to the neighbouring
columns. The free aisles on the side of the container column
are wide enough just for one set of wheels. In Fig. 1, agent B
is moving up to reach its destination, while agent A is trying
to move to the exit. A deadlock occurs because each agent
blocks the way of the other. To resolve this, one of the two
agents has to change its movement direction in order to allow
for the other to reach its destination. It is an inefficient way
to solve this conflict, thus policies need to be derived that
will avoid deadlocks in the first place (before they occur).
Note also, that a conflict between two agents can escalate
and block more than two agents. For example in the same
figure, A and B will later block agent C which will further
block agent D.
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Fig. 2. Two-agent two-task example

B. Two-Agent Two-Task Cycle

The task allocation and AGV coordination is a discrete
optimization problem. To gain a better insight on all possible
solutions in the solution space, in this section we consider
the case of just two AGVs. We assume a warehouse with a
single container column and just two agents (n = 2, agent
1 and agent 2), therefore the cycle will consist of two tasks,
say s1 and s2, as shown in Fig. 2. To complete this cycle, one
needs to solve the assignment problem, i.e., decide if agent
1 will be assigned to s1 or s2 while agent 2 will be assigned
to s2 or s1 respectively. The two possible assignments are
denoted as

V1 = {(1, s1), (2, s2)} and V2 = {(1, s2), (2, s1)}

Once the assignment is chosen, the next problem is how
the agents will move to complete their tasks without any
conflicts. This is defined as the coordination problem which
consists of two sub-problems, the ordering problem and the
entering mode problem. The first, defines the order that the
two agents will enter the container column. The second
problem defines how the agents will enter the column. For
the two agent example, assuming the order is agent 1 and
then agent 2, then there are two possible entering modes.
When agent 1 enters then, either agent 2 enters before agent
1 exits, thus both agents will be in the aisle simultaneously,
or agent 2 waits for agent 1 to exit and then enters.

Therefore, the solution of the cycle depends on the combi-
nation between an assignment, an ordering and an entering
mode which we define as the cycle policy. Even after the
cycle policy is chosen, possible conflicts (deadlocks) have to
be resolved. This is done by deciding which agents needs to
wait, where and for how long. This is necessary to compute
the time needed to complete the cycle. Notice that in this
simple example there are two possible assignments, two
possible orderings and two possible entering modes, thus
there are eight possible solutions that need to be considered.
In the general case, each of the sub-problem grows factorially
with respect to n, thus, for medium or large problems it is
impossible to evaluate all possible solutions. As it turns out,
there is no need to evaluate all possible solutions since one
can derive an optimal policy as it will be presented next.

IV. DISCRETE OPTIMIZATION PROBLEM FORMULATION

A. Objective Function

There are different methods to measure the performance
of an automated warehouse like maximum throughput, min-
imum travel time or even distribution of workload [15]. In

this paper we consider throughput maximization which is
equivalent to the minimum time to complete all jobs. Given
the cyclic structure of our solution approach, the objective is
to determine the assignment and coordination functions that
minimize the time to complete each cycle.

Let’s consider agent i which is initially placed somewhere
in R1. Based on a cycle policy of an assignment (V ),
ordering (R), entering mode (M ) the agent is given a task.
To complete its objective based on the chosen policy, i will
need Ti time units as follows

Ti(V,R,M) = tei + we
i + τv + tl + wx

i + τv + tdi (1)

where, tei is the time the agent needs to reach the entrance of
the aisle. Before entering, the agent may be required to wait
for some time we

i for other agents to either enter or exit the
aisle (to avoid deadlocks). The time required to travel from
the aisle entrance until the location of its task is denoted by
τv (v being the task assigned according to V ). It takes tl time
units for an agent to load the container. Before the agent can
exit the aisle, it may need to spend additional time in the
aisle (represented by wx

i ) if other agents are obstructing its
way. After that, the agent needs τv time units to travel from
the container location to the exit of the aisle. Finally the time
needed to travel to the drop-off location is represented by td.

For every agent i, given a cycle policy of an assignment,
ordering, entering mode, one can compute Ti(V,R,M) for
all i. Cycle k will be completed when the last agent will
complete its task, thus, the cycle objective function is

Λk(V,R,M) = max
i

(Ti(V,R,M)), i = {1, · · · , n}

For every cycle, the objective is to determine the cycle policy
(V,R,M) such that

Λ∗
k = min

(V,R,M)
Λk(V,R,M) (2)

Hereafter, we will omit writing (V,R,M) when we refer
to Ti(V,R,M). Therefore, to derive the best policy, Ti

for each agent needs to be computed. To determine Ti,
its sub-elements need to be calculated first. In general, te

can be computed from the starting position of the agent
assuming a straight line path to the entrance of the aisle and
given a constant agent speed. Also, we assume that te will
be independent regardless of the tasks assignment or other
agents. This is a reasonable assumption since in free space
the agents may easily manoeuvre to avoid collisions. td is
also independent of the assignments to other agents for the
same reason. This also can be computed from the distance
from the aisle to the loading area. The loading time tl is fixed
for all agents and all tasks. For simplicity in the sequel, it
will be ignored and it will be assumed that it is included in
τv. Now, times τv , we

i and wx
i , depend on the task assigned

to the agent. Moreover, they are subject to the movement of
the other agents.

Note that (1) ignores the case where an agent travels to
its assigned task location, then moves further up in the aisle
(to allow a following agent pick its task) and then exits. The
reason this possibility is left out is because given a set of
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tasks it is never optimal (with respect to (2)) for an agent
to travel further than its task location. This is shown in the
following Lemma the proof of which is omitted due to space
limitations.

Lemma 1: Given a set of tasks in a cycle, assume that
agent i is assigned task j and thus it will move a distance
dj in the aisle, there is always a better (V,R,M) (w.r.t. (2))
than having agent i travel a distance d′j > dj .

Sketch of proof: One needs to consider the complete set
of (V,R,M) in an environment of two agents and two tasks.
Then, derive Ti and Tk for the specific policy (denoted by
(V,R,M)1) that causes i to travel d′j > dj and T̂i and
T̂k for a (V,R,M)2 that does not (there is always such a
(V,R,M)). One can show that the (V,R,M)2 is always
better than the (V,R,M)1.

In order to solve (2) we assume that the two main
problems, assignment problem and agent coordination prob-
lem, are decoupled and solve them sequentially. Before we
proceed with the solution of the problems, let us present the
concept of the Abstract Time Windows which is a tool used
in visualizing and deriving the optimal solution.

B. Abstract Time Windows

In this paragraph we show how the agent movement can be
transformed, inspired by the concept of time-window graphs.
Given an agent-task assignment, we know that the earliest
time that the agent will enter the aisle is tei . In addition, the
shortest period that the agent will occupy the aisle (ignoring
tl) is 2τv, thus the earliest that an agent can exit from the
aisle is txi = tei + 2τv. Using te and tx, we can describe
the movement of the agent in the aisle and therefore define
the Abstract Time Window (ATW) which is schematically
presented in Fig. 3.
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Fig. 3. Abstract Time Window for agent i = 1 and task v = 3.

In a warehouse where n > 1, ATWs are used to detect and
resolve possible deadlocks. If the vehicle on-board system
fails to detect the other vehicle, it is possible that a deadlock
could lead to collision. Therefore ATWs are also a way
to avoid collisions. To do that, we define the following
condition for conflict detection.

Deadlock-Free Condition (DFC): If tei < tek then either
(a) txi < tek or (b) txi > txk for all i, k = 1, · · · , n.

One can use DFC to detect possible deadlocks using the
following Lemma.

Lemma 2: A solution is deadlock-free if and only if DFC
holds.
The proof is omitted due to space limitations.

If DFC is violated, then one can use the following two
operations in order to resolve the conflict

i Extend tei to t̂ei = tei + we
i , we

i ≥ 0.
ii Extend txi to t̂xi = t̂ei + 2τv + wx

i , wx
i ≥ 0.

In other words, the ATW can be shifted upwards or it can
be stretched but it cannot be compressed. A shift upwards
implies that the agent needs to wait at the entrance of the
aisle for we

i time units, while a stretch implies that the
agent needs to wait at the task location for wx

i time units.
Fig. 4 shows a simple example with the use of DFC and the
allowable operations. Fig. 4(a) shows a scenario where DFC
is violated while Fig. 4(b) show the deadlock resolution by
shifting the ATW of the second agent upwards (i.e., agent 2
will need to wait at the entrance of the aisle until agent 1
enters).
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Fig. 4. ATW Modification

The ATW representation is used to generate deadlock-
free solutions for all possible assignment and coordination
decisions. Moreover, we

i and wx
i of (1) are derived from the

final ATW representation which are used to calculate the
objective function. Next, we formulate and solve the task
assignment and coordination problems.

C. Assignment and Coordination Problem

Let us now proceed with the assignment problem. Let
xi,j be a binary variable that takes the value 1 if agent i
is assigned to task j, i, j = 1, · · · , n and 0 otherwise, then
the assignment problem can be formulated as follows:

min
xi,j

max
i

Ti

s.t.
n∑

i=1

xi,j = 1 and
n∑

j=1

xi,j = 1

Due to the non-linear objective function, this problem is
not the typical assignment problem which can be solved
using linear programming. Assuming we

i = 0 and wx
i = 0

the objective function omits possible delays added by DFC.
The assignment problem now falls under the Bottleneck
Assignment Problem [16][17]. This problem can also be
solved very efficiently using the following lemma.

Lemma 3: Assuming 〈te〉 is sorted such that tei < tei+1

and 〈τv〉 is sorted such that τj > τj+1, then the solution to
the assignment problem is xi,i = 1 for all i = 1, · · · , n and
xi,j = 0 for all i 6= j, i, j = 1, · · · , n.

In other words, the agent that is located closest to the
entrance of the container aisle is assigned to the task that
is located farther away from the entrance (deeper into R2).
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For the proof which is omitted due to space limitations we
assume that all tasks are located in a small set of aisles all
next to each other. Also, note that the proof is based on an
induction argument on the number of agents n.

Next, we need to solve the coordination problem, and
decide the waiting times of each agent we

i (waiting at the
entrance of the aisle) or wx

i (waiting at the task location)
necessary to prevent any deadlocks. Given the solution to
the assignment problem, one can conjecture that the solution
to the ordering problem would be 1, 2, · · · , n, i.e., the agents
closest to the aisle will enter first, the second closest second
and so on. To determine the agent coordination and the
deadlock resolution policy one can use the ATWs, i.e., ATWs
can be used to determine the waiting times we

i and wx
i such

that a deadlock-free solution is obtained.
Using the results of Lemmas 3 and 2 together with

ATW allowable operations (i) and (ii), one can generate
an efficient algorithm for deriving the optimal assignment
and coordination solution. Given the n tasks and the initial
positions of the n agents in a cycle, the algorithm consists
of the following steps.

Algorithm 1:
1) Tasks are assigned to agents using Lemma 3.
2) Construct the initial ATWs for all agents.
3) Check the DFC. If it is not violated, then the obtained

solution is also deadlock free and thus the optimal
solution has been found.

4) If a deadlock occurs, then one can start with the agent
that is involved in a conflict and has the smallest τv
and apply the ATW allowable rules iteratively until all
conflicts are resolved.

The above algorithm, though more efficient than a brute
force enumeration of all possible solutions in the solution
space, in its worse case, it is still of exponential complexity.
To reduce the complexity even further we used a heuristic,
referred to as Algorithm 2. Algorithm 2 is similar to
Algorithm 1 except in step 4, rather than considering both
ATW allowable operations we consider only operation (ii). In
other words, again we start from the agent with the smallest
τv that is involved in a conflict and simply stretch the ATW
of its immediate predecessor just enough as to eliminate the
conflict. This heuristic reduces the complexity to O(n) and
performs very well as indicated by our simulation results.

V. PRELIMINARY PERFORMANCE EVALUATION

A. Exhaustive Simulation
In this paragraph, we use exhaustive simulation to derive

the complete set of solution. From that set, the policies that
generated the best performance are identified. We compare
the exhaustively derived policies and solutions, against what
we derived in the previous section. Simulations were done
using MATLAB. Multiple random scenarios were generated,
using n = 2, 3, 4, 5 agents. Each scenario was solved using
exhaustive search. The same scenarios were also solved using
our Algorithm 2 for post-processing comparison.

We analyzed the results obtained and classified the results.
The analysis showed that the best assignment happens when

the agent closest to the entrance of the aisle is assigned to
the container located farther in the aisle. The same applies
for the rest of the agents, until finally the farthest from the
entrance agent is assigned the closest container. The best
ordering is the one where agents enter the aisle according to
how close they are to the entrance. That is, the closest agent
will enter first, the second closest will enter second and so on.
Finally, in the overwhelming majority of cases investigated,
the best entering mode was the one where the agents enter
the aisle in series, that is, no agent waits at the entrance
for any other agent to exit and therefore all agents are in the
aisle simultaneously as much as possible. We define this best
performing combination as (V,R,M)∗. This is precisely our
algorithm 2 presented in the previous section. In other words,
given a problem with a set of agents A and a set of tasks
S, it can be solved in real-time by applying the (V,R,M)∗

and then running algorithm 2 to resolve the conflicts.

B. Comparison with Greedy Approach

Having derived (V,R,M)∗, we further test our method’s
performance against a greedy algorithm. To do that, a set of
scenarios with random container positions were generated.
Each scenario was solved with a greedy algorithm and then
with our suggested algorithm. The greedy algorithm places
ATWs incrementally starting from i = 1. First it tries to
place its ATW as soon as possible. If a conflict is detected
it tries the next available time slot. When no conflicts are
detected, it moves to the next i. This procedure is repeated
until all ATWs are placed.

To display the scalability of our algorithm, we repeated the
experiment for up to n = 40. Fig. 5 shows the results. As
displayed, the time required to finish a scenario is increased
at a much higher rate using the greedy algorithm. It is
important to note that both algorithms are of the same
complexity O(n) therefore take approximately the same time
to finish.
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Fig. 5. Performance comparison with a greedy algorithm

C. Comparison with other methods

In this section we evaluate the performance of other
methods operating on the same topology. Methods have
been proposed that solve the problem on-line using Time
Windows methodology. Because the Time Windows method
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is computationally intensive, the solution set had to be
reduced to allow real-time performance. This was achieved
by applying priorities, either to agents or containers. This
however, makes the method myopic. Unfortunately such
methods cannot be used in a warehouse that lacks of multiple
paths, like the one considered in this paper, because the
myopic characteristic can cause significant inefficiencies. In
many cases, the routing is the best possible combination
of time windows that remained available from previous
vehicles and this does not guarantee global performance of
the solution.
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Fig. 6.

To demonstrate this we consider a simple, n = 2 example
shown in Fig. 6. Task s1 has higher priority than s2 and
therefore it will be routed first. It is trivial to derive that agent
1 will finish this task quicker than agent 2 and therefore it
is assigned to that task. The time-window routing of agent 1
will finish at time t = 10. Then task s2 should be routed. The
remaining agent 2 is assigned to this task. When routing takes
place, the time-window method will detect and resolve any
head-on conflicts and will force agent 2 to wait for agent 1
to exit the aisle before entering, since only then, an available
time-slot exists (that will not cause any conflicts). Using a
dynamic time-window method task s1 will finish at time t =
10 and task s2 will finish at t = 21 (this is referred to
solution A). An alternative, solution B, which is given by our
approach, is s1 assigned to agent 2 and s2 to agent 1. Using
this assignment and routing, s1 will finish at time t = 12
and s2 will finish at t = 14. This solution was generated
using (V,R,M)∗ and our algorithm 2. Comparing the two
solutions we can see that solution A delivers the first task
as soon as possible but extends the delivery of the second
task (and ultimately the global finish time) significantly. On
the other hand our approach chooses a solution that slightly
increases the time of the first task by 2 but decreases the
global time by 7. This shows the myopic characteristic of
some methods, described earlier. For problems with larger n
the myopic approach can cause a significant increase in the
completion time of the global solution.

VI. CONCLUSION AND FUTURE WORK

In this paper we studied a hyperopic strategy for cargo
transportation in special topology environment. Firstly the
problem is broken down into two coupled subproblems of
assignment and coordination. Global completion time is
used as performance evaluation. To study this problem we
introduced the ATW transformation. The feasibility of a path
is evaluated with some simple condition rules and if any

conflicts are detected then ATWs are modified. Following an
exhaustive procedure, a specific combination of assignment
and coordination was derived which always produces the
optimal solution. This is also confirmed analytically. Based
on this, we conclude that in a warehouse using the special
topology under study, the agents can decide the assignment
and routing without the need of an analytical approach.
Because the algorithm is O(n), it can run in real time making
it a feasible solution for implementation on real AGVs.

We are planning on implementing this method on a robot
testbed in our laboratory. This will guide us to adjust our
method on real life conditions. Furthermore, we will develop
an embedded algorithm for the operational control of the
robots in real time, based on the work of this paper. Finally,
we are interested in expanding this into a fully distributed
method.
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