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Abstract— In modern warehouses, robots are being deployed
to perform complex tasks such as fetching a set of objects from
various locations in a warehouse to a docking station. This
requires a careful task allocation along with route planning
such that the total distance traveled (cost) is minimized. The
number of tasks that can be performed by a robot on a single
route depends on the maximum capacity of the robot and the
combined weight of the objects it picks on the route. This task
allocation problem is an instance of the Capacity-constrained
Vehicle Routing Problem (CVRP), which is known to be NPhard. Although, there exist a number of heuristics that provide
near-optimal solutions to a CVRP instance, they do not scale
well with the task size (number of nodes). In this paper, we
present a heuristic, called nearest-neighbor based Clustering
And Routing (nCAR), which has better execution time compared
to the state-of-the-art heuristics. Also, our heuristic reduces cost
of the solutions when there are a large number of nodes. We
compare the performance of nCAR with the Google OR-Tools
and found a speedup of 6 in runtime when task size is 2000.
Though OR-Tools provides a low-cost solution for small number
of tasks, it’s execution time and number of routes is 1.5 times
that of nCAR.

I. I NTRODUCTION
The advent of affordable mobile robot technology has
extended the application of autonomous systems in diverse
domains. In fact application of collaborative robotics is being
planned for domains like search and rescue operations [19],
industrial automation [12], etc. Automation using a group of
mobile robots constitutes of two major steps – task allocation
and task execution. The goal of task allocation is to ensure
that the overall cost of executing all the tasks is minimized,
while minimizing the number of robots used in the process.
On the other hand, the goal of task execution ensures that
the tasks are executed correctly and safely according to the
assignment. In this article, we focus on the task allocation
problem.
The classical single-task robot and single-robot task (STSR) is a widely studied problem, and there exists a number
of polynomial time algorithms [14], [32]. In many industrial
setup, one task may require collaboration among multiple
robots. In such a single-task and multi-robot (ST-MR) setup,
the emphasis is on the constitution of a suitable team of
robots [15], [28]. In another variation, one robot is assigned
multiple tasks and is termed as multi-task and single-robot
(MT-SR) assignment problem. In the context of MT-SR,
when multiple robots are used to complete a given set
of tasks, the relevant problem is called multi-robot task
allocation (MRTA) problem and is well studied in the robotic
algorithm domain. There are various classes of problems
within the MRTA domain with different complexity; thus

there exists completely different solution approaches as well.
Motivation. In a warehouse scenario, the task of a robot
is defined as moving to the location of a particular object,
fetching the object from the storage rack, and returning to the
original location (packaging dock). Though a robot almost
never fetches multiple objects from the racks simultaneously,
it can fetch more than one object on a single run, before
returning back to the dock. This will reduce the overall travel
time as compared to fetching one object on a single run.
Problem description. In this paper, we propose an MRTA
mechanism for warehouse automation using a group of
robots. We reduce the MT-SR assignment problem to
a capacity-constrained vehicle1 routing problem (CVRP),
where each robot is constrained by its maximum weight
carrying capacity. The problem is to assign tasks to the robots
such that the overall time to bring the items to the packaging
dock can be minimized.
CVRP is known to be an NP-hard problem [20]. Though
there exists a number of exact ([3], [4]) and heuristic ([22],
[13]) algorithms for CVRP, they do not scale well with the
number of nodes (tasks) [5]. The prevalent CVRP algorithms
can handle number of nodes of the order of hundred. However, they are impractical for a large system such as in a real
warehouse scenario, where the number of nodes can be very
large, of the order of thousands. In such cases, an efficient
algorithm is required, which has a low-order polynomial time
complexity, and gives a low-cost, near-optimal solution.
Our contributions. In this paper, we present a fast heuristic
for CVRP, called nearest-neighbor based Clustering And
Routing (nCAR). We compare the performance of nCAR
with the state-of-the-art algorithm provided by the Google
Optimization Tools (OR-Tools) and finds that it gives better
results. Specifically, our contributions are as follows.
•

•

1 In

We developed an O(n3 )-time heuristic algorithm, which
gives a solution whose cost is at most 1.6 times the
optimal solution for benchmark datasets (with smaller
number of nodes), and achieves better result compared
to the state-of-the-art algorithm for test datasets with
large number of nodes.
The number of routes computed by nCAR to complete
all the tasks of a CVRP instance is near-optimal, and
outperforms the state-of-the-art solution with respect to
the required number of routes and the time required to
find a solution, irrespective of the number of nodes in
the CVRP instance.
the rest of the paper, we use vehicle and robot interchangeably.

II. R ELATED WORKS
The general description of the CVRP includes a set of
vehicles required to visit a set of locations. The locations
have certain demands to be served. The vehicles act as
carriers of the objects of these demands. The vehicles have
limited carrying capacity and they need to serve demands of
all the sites. There are different optimization criterion around
this general formulation. In the context of this warehouse
automation problem, we focus on the minimization of the
number of robots required to serve all sites and also the
total length of the path traversed by the robots. Under the
CVRP abstraction of the MRTA problem, two optimization
problems have to be solved jointly, namely task assignment
and routing.
The Task Assignment problem can be reduced to the binpacking problem, which is known to be NP-Hard. Several
heuristics and meta-heuristics are available for this problem [21]. Authors in [23] present a distributed method of
task assignment for multiple robots inspired by market-based
coordination protocol.
The Vehicle Routing Problem (VRP) is well studied in
literature and can be reduced to the travelling salesman
problem (TSP), which is known to be NP-hard. The TSP
was introduced by Dantzig and Ramser [11]. It is a combinatorial optimization and integer programming problem.
The book by Toth and Vigo [29] gives an excellent treatment of the topic. This problem is known by several other
names – O RIENTEERING, D IAL - A -R IDE, D EADLINE -TSP
and D ISCOUNTED -R EWARD -TSP among others. We discuss
some of the relevant works here.
Blum et al. [7] gave the first constant-factor approximation
algorithm for the rooted O RIENTEERING problem, as well as
a new problem that they called the D ISCOUNTED -R EWARD TSP. Both of these problems were motivated by robot navigation. Bansal et al. [6] gave an O(log n)-approximation algorithm for the D EADLINE -TSP problem, and an O(log2 n)approximation algorithm for the V EHICLE ROUTING WITH
T IME -W INDOWS problem. Chekuri et al. [8] gave a (2 + ǫ)approximation algorithm for O RIENTEERING in undirected
graphs and an O(log2 OP T )-approximation algorithm for
O RIENTEERING in directed graphs. Here OP T ≤ n is the
number of vertices visited by an optimal solution.
Christiaens et al. [9] designed a single ruin and recreate
method to give a heuristic solution for CVRP. Subramanian
et al. [27] proposed a hybrid algorithm for a class of
vehicle Routing Problems with homogeneous fleet using a
Mixed Integer Programming (MIP) solver. Vidal et al. [31]
developed a efficient general framework for solving multiattribute. Some of the other recent works include [17], [18],
[26], [16], [25], [24].
In this paper, we present a heuristic algorithm running on a
centralized system, where the plan for each of the participant
robots are generated and distributed for the robots to execute.
III. P ROBLEM FORMULATION
In a warehouse, an item is scheduled to be dispatched
when a customer places an order for it. Usually a warehouse

is spread across a very large area, and items are also stored
in racks across this vast field. The job of a robot is to fetch
the items from the storage racks to the packaging dock. In
this paper, we assume that the robots are homogeneous and
each one has a fixed maximum weight carrying capacity. As
mentioned earlier, we assume the tasks are also homogeneous
in nature, but they differ based on the storage location and
weight of the item. In general, tasks are handled as a wave,
where a wave can contains couple hundreds to thousands
tasks. Once these tasks are completed, the next wave, which
accumulates during the execution of the previous wave, is
picked for execution.
In this paper, we propose a heuristic such that the cost
of fetching all the ordered items can be minimized. Here
the cost refers to the total path length traveled by all the
robots to complete all the tasks. A robot always starts from
and comes back to the packaging dock of the warehouse.
On a single run, a robot can fetch multiple items, i.e., can
complete multiple tasks, provided the total demand (weight)
of all the tasks is within the capacity of the robot. Thus, it can
be classified as a MT-SR (multi-task robot and single-robot
task) assignment problem.
The problem can be reduced to the classical CVRP, where
n tasks need to be completed employing minimal number of
symmetrical vehicles, under the constraint that the vehicles
have a carrying capacity. In optimization process also need
to minimize the total distance travelled by the robots.
A. Mathematical formulation
Let G = (V, E) be an undirected, complete graph. The
number of vertices in this graph is |V | = n + 1. We denote
the vertices as V = {v0 , v1 , . . . , vn }. Here, the special vertex
v0 corresponds to the depot and the other vertices V ′ =
V \ {v0 } correspond to the n sites, associated with the tasks.
Let Vi = {vi }, 0 ≤ i ≤ n.
Each edge e ∈ E has a cost ce > 0. This is the cost of
traveling the edge e. For each vertex vi ∈ V ′ , there is an
associated demand di > 0, which has to be satisfied. Let
k be the number of robots available at the depot and let
C be the capacity of each robot. We assume without loss
of generality that the maximum demand of any vertex is at
most the capacity of each robot, i.e., di ≤ C, for all vi ∈ V ′ .
Our goal is to find a set of vertex-disjoint cycles (except at
the depot) such that the total cost of the cycles is minimized
and the total demand of all the vertices in each cycle does
not exceed the capacity of any robot. Mathematically, we
want to find t cycles C1 , . . . , Ct such that:
Pt
1)
i=1 c(Ci ) is minimized.
2) P
Ci ∩ Cj = {v0 }, for 1 ≤ i < j ≤ t.
3)
vj ∈Ci dj ≤ C, for 1 ≤ i ≤ t.
P
The cost of a cycle C is c(C) = v∈C c(v).
IV. A LGORITHM DESIGN
Since CVRP is known to be an NP-hard problem [29],
it is unlikely to have a polynomial-time algorithm, unless
P = NP. Thus, various heuristic algorithms are developed to
solve it in polynomial time. However, the existing algorithms

can produce a near-optimal solution only for a small number
of nodes. In a modern warehouse application scenario, the
number of nodes are significantly higher, ranging from couple of hundreds to thousands. This motivates us to develop
a heuristic algorithm, which can produce a fast solution
to a CVRP instance having a large number of nodes. In
Algorithm 1, we present our heuristic algorithm nearestneighbor based Clustering and Routing (nCAR) to solve
CVRP. Note that nCAR is not applicable for the warehouse
scenario only. It can also be utilized for any application
domain, where the CVRP instances contain a large number
of nodes.
Algorithm 1: Nearest-neighbor based Clustering and
Routing (nCAR): A fast algorithm for capacityconstrained vehicle routing problem (CVRP).
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Input: A graph G = (V, E), demands of each vertex (di ),
and the capacity of the vehicles (C).
Output: The required number of vehicles (vcount ), the list of
routes (Rlist ), and the total cost of all the routes
(ctotal ).
Algorithm nCAR(V, C)
N ←V;
vcount ← 0;
ctotal ← 0;
Rlist ← ∅;
while (!N.empty()) do
[T, T ] ← feasibleRoute(N, C);
[R, c] ← T SP (T );
Rlist ← Rlist ∪ R;
vcount ← vcount + 1;
ctotal ← ctotal + c;
N ← T;
return [Rlist , vcount , ctotal ];
Procedure feasibleRoute(N, C)
pmin ← singleNodeCycle(N );
for (i = 1 : |N |) do
NT ← {N [0], N [i]};
NT ← N \{N [i]};
dT ←= N [i].d;
k ← i;
while (dT < C) do
k←
restrictedNearestNeighbor(k, NT , dT );
if (k = 0) then
break
dT ← dT + NT [k].d;
NT ← NT ∪ NT [k];
NT ← NT \NT [k];
p←
eulerCycle(NT ) + singleNodeCycle(NT );
if (p < pmin ) then
pmin ← p;
Tmin ← NT ;
Tmin ← NT ;
return [Tmin , Tmin ];

Given the maximum capacity of the vehicles (C) and a

set of nodes (N ), with their location and demand specified,
nCAR provides the number of vehicles required to visit all
the nodes (vcount ). Additionally, it provides the route of each
vehicle as a sequence of nodes (Rlist ) and the total cost to
travel all the routes (ctotal ). The objective of nCAR is to
minimize the total path cost while finding the list of routes,
where every route fulfills the capacity constraints of all the
vehicles, and so can be assigned to the vehicles.
The heuristic nCAR splits all the nodes into a number of
clusters, where clusters contain disjoint set of nodes except
the depot. Then a route is constructed for each of the clusters
by mapping it to a traveling salesman problem (TSP). Given
a set of nodes T , TSP(T ) returns a Hamiltonian cycle (route)
R and it’s cost c. nCAR uses the best known approximation
algorithm for TSP by Christofides [10], whose approximation
ratio is 1.5. The criteria to create a cluster is two-fold:
•

•

The nodes within a cluster should form a feasible route,
i.e., the total demand of all the cluster members are
within the capacity constraint (C) of the vehicles.
The clusters are formed in a way that the path-cost of
individual clusters lead to a lower total path-cost.

The algorithm starts with all the nodes as unassigned, i.e.,
not part of any cluster/route. It iteratively finds a cluster
(feasible route) at every round. The algorithm continues until
all the nodes are assigned to a cluster. In a round, the yet to
be assigned (to a cluster) nodes are split into two parts – a
cluster of nodes that can form a feasible route (T ) and the remaining nodes (T ) by using the function feasibleRoute.
The algorithm continues until T is empty. As mentioned
earlier, feasibleRoute finds a new cluster of nodes at
every round from the set of unassigned nodes. If there are N
unassigned nodes, it creates N potential clusters that satisfy
the feasibility criteria. Then, based on a greedy approach, it
selects the best cluster out of these N potential cluster.
The ith potential clusters is formed as follows. First,
the ith node becomes part of the (ith ) cluster, and the
cluster demand is initialized to the demand of the ith
node. Then, the ith node becomes the current node. Next,
the nearest neighbor of the current node is found based
on the Euclidean distance. However, this nearest neighbor
is selected with the restriction that the cluster’s demand
plus the neighbor’s demand is within the capacity limit
(restrictedNearestNeighbor). This ensures the feasibility of the cluster. If no such neighbor is found, the ith
cluster formation ends. On the other hand, if a neighbor is
found with the capacity restriction, it becomes part of the
cluster and also the current node, and its demand is added
to the cluster demand. In this way, the procedure continues
to find the restricted nearest neighbor of the current node.
To select the best cluster out of these N potential clusters such that the total path cost of all the routes can be
minimized, a greedy approach is used. For every potential
cluster, there is also a set of unassigned nodes (which can be
empty as well). An Euler cycle and a single node cycle (loop)
costs are calculated for the cluster nodes and unassigned
nodes, respectively. The summation of these two cycle cost is

associated to the potential cluster. The best cluster is selected
that has the lowest associated cost.
A. Time-complexity analysis
Let us first consider the procedure feasibleRoute,
which constructs one feasible route. Both the sets NT and
NT are constructed from the vertex set V (lines 4, 5, 13
and 14). Hence, |NT | < n and |NT | < n, where n = |V |.
The value of dT monotonically increases within the while
loop at line 8. The incremental value is computed at line 12,
and the value is the cost of one of the nodes from the set
NT . The chosen k th node is removed from NT . This while
loop is terminated when, either dT exceeds the capacity C,
or all feasible nodes in NT are exhausted. In either case, the
while loop is executed at most min{C, |NT |} < n times.
Therefore, the cost of this while loop is O(n).
The procedure eulerCycle is based on the linear-time
depth-first search (DFS) of the nodes in V . Both the call
to procedure eulerCycle and the while loop at line 8,
are contained in a for loop at line 3. This outer for loop is
bounded by |N |, i.e., the complexity of this loop is O(n).
Therefore, the complexity of the function feasibleRoute
as a whole is O (n × (O(n) + O(n))) = O(n2 ).
Now let us consider the main function nCAR, where the
function feasibleRoute returns one non-empty route on
each invocation, i.e., until T 6= ∅. The set N is initialized
as V (line 2) and T is removed from N on line 12 at each
iteration of the while loop (line 6). Therefore, the set N
monotonically shrinks in size. This implies that the while
loop at line 6 is executed at most |V | times, which is O(n).
Since feasibleRoute is of O(n2 ), running time of nCAR
is O(n × n2 ) = O(n3 ).
V. E VALUATION
In this section, we evaluate the performance of nCAR from
three aspects – (i) cost of the solution, (ii) number of routes
in the solution, and (iii) execution time of the algorithm.
The cost of the solution is measured as the total distance
traveled by all the vehicles to visit all the nodes. Since a
single vehicle would not be able to visit all the nodes in one
go (due to capacity constraint), the solution comprises of a
number of routes, where a route comprises of a sequence of
nodes. If there are as many vehicles available as the number
of routes in the solution, all the routes can be traversed in
parallel by different vehicles. However, if the number of
vehicles is less than the number of routes, the assignment
becomes time-extended and a vehicle starts a new route
after completing the previously assigned route. Whether each
route is traversed by a different vehicle or a vehicle traverses
multiple routes, the cost of the solution remains unchanged.
Also, the sequence of traversing the routes do not have any
effect on the solution cost. The third performance metric is
the absolute running time (in milliseconds) of the algorithm
on a standard computer (Intel 5th generation processor with
dual core and 4 GB memory).

TABLE I
P ERFORMANCE COMPARISON AMONG THE O PTIMAL , G OOGLE
OR-T OOLS , AND N CAR BASED ON A P- SET OF CVRPLIB [1]. S OME OF
THE EXCEPTIONAL CASES ARE HIGHLIGHTED , E . G , OR-T OOLS
PRODUCES LEAST COST SOLUTION ( RED ), OPTIMAL SOLUTION HAVE
MORE ROUTES ( BLUE ).
dataset
P-n22-k8
P-n23-k8
P-n45-k5
P-n50-k8
P-n55-k8
P-n60-k15
P-n65-k10

Optimal
cost
routes
603
8
529
8
510
5
631
8
588
8
968
15
792
10

OR-Tools
cost
routes
595
9
538
9
543
5
681
9
627
7
1025
15
875
10

nCAR
cost
routes
797
8
605
10
719
5
750
9
759
7
1149
15
1080
10

A. Comparison of nCAR with the Optimal solution
First, we evaluate the performance of nCAR for some
well-known instances of CVRP (benchmarks) whose optimal
solutions are known. The benchmark datasets are available
in [1]. Here we present the results for the P-dataset whose
optimal solution are provides by Augerat et al. [3]. Table I
presents a small subset of measured performance data as the
cost and the number of routes for these CVRP instances
that are solved optimally, for the state-of-the-art Google
Optimization Toolbox (OR-Tools) [2], and our algorithm
(nCAR). Solutions provided by both OR-Tools and nCAR
are close to the optimal solutions, as evident from Table I.
Moreover, Figure 1 shows the cost ratio of OR-Tools and
nCAR, where cost ratio is defined as,
cost ratio =

cost of the heuristic algorithm
cost of the optimal solution

We notice two peculiar instances (P-n22-k8 and P-n55k15), where the cost ratio of OR-Tools is less than 1. In
other words, OR-Tools finds a lower cost solution than the
optimal solution, which is impossible in theory. We have
verified the total cost of the solution of these instance as
provided by the optimal solution and the OR-Tools. These
discrepancies are mainly due to floating point rounding-off
of the Euclidean distances. However, for the instance Pn22-k8, the OR-Tools always provide a low cost solution.
Though the optimal solution requires fewer routes, the cost
of the solution is higher, which is the only optimization goal
without any restriction on the required number of routes. This
invalidates the optimal solution for this particular instance.
Though the required number of vehicles for all the three
algorithms are almost same for most of the instances, the
optimal solution often comprises of less number of routes.
However, there is one instance (P-n55-k8) where the optimal
solution comprises more routes as compared to the other two
algorithms. As the goal of the algorithm is to minimize the
total cost, this situation is definitely possible since the cost
of the optimal solution is lower than the other two.
Even though OR-Tools often has a much lower cost ratio
as compared to nCAR, it requires much higher computation
time as evident from Figure 2. This holds true across the

Fig. 1. Cost ratio of OR-Tools and nCAR with the optimal solution for
the P-dataset of CVRP benchmarks.

Fig. 2. The execution time to find the solution using OR-Tools and nCAR
for the P-dataset.

Fig. 4. Cost (total distance) comparison between nCAR and OR-Tools for
large number of nodes.

Fig. 5. Performance comparison between nCAR and OR-Tools for large
number of nodes in terms of execution time to find the solution.

Fig. 3. The execution time comparison between OR-Tools and nCAR for
the X-dataset.

dataset. For example, a similar result is shown in Figure 3
for newest dataset provided by Uchoa et al. [30] that consists
of 100 to 1000 nodes.
B. Performance of nCAR for large number of nodes
As the given MT-SR assignment problem (warehouse
scenario) needs to be solved when there is relatively large
number of nodes (of the order of hundreds and thousands),
we also analyze the performance of nCAR for such large
instances. As the optimal solutions for such instances can
not be produced in a reasonable time, we compare nCAR
with the solutions produced by OR-tools only. Though the
OR-Tools produces a low cost solution as compared to nCAR
for the majority of the CVRP instances of small number of
nodes, nCAR surpasses OR-Tools with respect to all the three
parameters when CVRP instances of large number of nodes
are used. Thus, in a warehouse scenario where the CVRP
instances contain a large number of nodes, nCAR is a much
better option.
Figure 4, 5, and 6 compares nCAR with OR-Tools with
respect to the cost of the solution, execution time to find
the solution, and the number of routes in the solution,
respectively. The CVRP instances contain three different
number of nodes, i.e., 500, 1000, and 2000. For each of

Fig. 6. Performance comparison between nCAR and OR-Tools for large
number of nodes in terms of number of routes.

these node sets, the minimum number of routes (theoretical)
is varied based on the demand of each vehicle and capacity of
each vehicle. Thus, there are a total of nine CVRP instances.
From Figure 4, it is evident that nCAR provides a low
cost solution as the number of nodes increases. Moreover,
OR-Tools requires a significantly higher execution time to
find a solution. From Figure 5, it is clear that the execution
time increases many fold with the number of nodes in the
CVRP instance. The effectiveness of nCAR magnifies, if the
cost of the solution is measured in terms of makespan to
complete all the tasks. If there are r routes in the solution and
there are r vehicles, all vehicles can be assigned one route
each. The cost of the solution can be measured in terms of
the maximum route length. Obviously, when there are more
number of nodes, the solution also contains a significantly
larger number of routes. Due to the limited number of
vehicles, all the routes can not be visited in parallel. As a
result, the assignment becomes time extended and a vehicle
takes up a new route after completing the previous route. In
this case, the cost of the solution is the maximum amount
of time among all the vehicles. Thus, the lesser the number

of routes, the better it is.
VI. C ONCLUSION
In this paper, we designed a multi-robot task allocation
(MRTA) algorithm specifically keeping in mind a warehouse
scenario, where a task is defined as picking up an object
from its respective storage rack. Though a robot can pick
multiple objects on a single run, the number of objects is
constrained by its capacity. This problem can be reduced to
the capacity-constrained vehicle routing problem (CVRP).
Since CVRP is known to be NP-hard, this problem is also
NP-hard. The state-of-the-art integer programming based
optimal algorithms can solve CVRP instances up to 100
nodes. However, in a warehouse scenario, the number of
nodes can be in the range of several hundreds to several
thousands within an order wave. Thus, we developed a
heuristic algorithm, called nearest-neighbor based Clustering
And Routing (nCAR) that can provide a reasonably good
result even if there are a large number of nodes. Experimental
results show that our algorithm provides solutions that are
close to the optimal solutions for smaller instances (cost ratio
up to 1.6). For CVRPs with large number of nodes, where
optimal solution is not available, we compare nCAR with
the state-of-the-art approximation algorithm provided by the
Google Optimization Toolbox (OR-Tools). Our evaluation
shows that nCAR achieves a superior result as compared to
the OR-Tools in terms of the cost of the solution, the number
routes, and the actual execution time of the algorithm.
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