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Abstract. Market-based task allocation mechanisms are designed to
distribute a set of tasks fairly amongst a set of agents. Such mechanisms
have been shown to be highly effective in simulation and when applied to
multi-robot teams. Application of such mechanisms in real-world settings
can present a range of practical challenges, such as knowing what is the
best point in a complex process to allocate tasks and what information to
consider in determining the allocation. The work presented here explores
the application of market-based task allocation mechanisms to the problem of managing a heterogeneous human workforce to undertake activities associated with harvesting soft fruit. Soft fruit farms aim to maximise
yield (the volume of fruit picked) while minimising labour time (and thus
the cost of picking). Our work evaluates experimentally several different
strategies for practical application of market-based mechanisms for allocating tasks to workers on soft fruit farms, identifying methods that
appear best when simulated using a multi-agent model of farm activity.
Keywords: Task Allocation Mechanism · Multi-Agent System · AgentBased Simulation.

1

Introduction

Due to the increasing demand for soft fruits and shortages in seasonal workers [6,
17, 27], farms are requiring innovative solutions for managing their fruit harvesting processes. Typically, on such farms, each day a harvest manager determines
which fields are ready for picking and how many workers should be assigned to
each field. In the field, supervisors assign tasks to individual workers, who place
harvested fruit into containers (“punnets”, in the case of strawberries) that must
be carried (i.e. transported) to a centralised location, such as a permanent pack
house or mobile trailer adjacent to the fields, where they are weighed, scanned
for quality and tallied so that the picker responsible is compensated correctly.
The task of transporting punnets to the central location is often performed by
a worker called a “runner”. This task allocation problem thus involves decisions
about which tasks to assign to which workers and how many workers to assign to
each role (picker and runner). In the not too distant future, robots may soon be
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filling gaps in the shortages of seasonal workers [4, 17, 20, 30, 32]; and therefore,
robotic co-workers will need to be managed alongside the human workforce.
Multi-robot task allocation (MRTA) problems address situations in which a
group of robots must work together to complete a mission—a set of tasks to
be executed. A key challenge is to decide which tasks should be assigned to
which robots so that the overall execution of the mission is efficient: resources
are used effectively, so that time and energy are not wasted and, often, some
reward is maximised. A range of methods for allocating tasks in multi-robot
teams are described in the literature, for example handling heterogeneous teams
of robots [26] and multi-robot swarms [24], assigning tasks dynamically [34]
and limiting robots to local input from immediate neighbours [2]. Recent realworld applications include disinfecting public areas in order to reduce spread of
contagious diseases [28] and delivering food [14].
In the work presented here, we posit that approaches designed to address task
allocation in a multi-robot team can be adapted to manage the human workforce
on a soft fruit farm. Fruit picking and transporting harvested fruit are two types
of tasks that need to be allocated to workers, who are often assigned one of
two roles (picker or runner, respectively). Here, we apply market-based MRTA
strategies and investigate two questions: (1) What is the most efficient ratio of
runners to pickers? (2) What is the most efficient strategy for allocating tasks to
runners? We investigate these questions empirically, using a multi-agent based
simulation that emulates the activity of human workers on a soft fruit farm.
The paper is organised as follows. Section 2 provides brief background on
multi-robot task allocation problems, focussing on market-inspired approaches,
and also highlights related work in agricultural robotics. Section 3 describes the
methodology we employed for our simulation. Section 4 explains our experiment
design, and section 5 presents the results of our simulation experiments. Section 6
closes with a summary of results.

2

Background

The multi-robot task allocation (MRTA) problem has been classified in the literature according to several taxonomies that distinguish specific features of tasks
and task environments [9, 18, 21]. From that literature, the parameters that are
particularly relevant for the work presented here are: static (SA) vs dynamic
(DA) assignment—whether all the tasks are known at the start of a mission
(static) or new ones may appear during the mission (dynamic); independent
(IT) vs constrained (CT) task—whether or not the assignment of one task is
dependent on the completion of another; and the further distinction between
in-schedule (ID), cross-schedule (XD) and complex (CD) dependencies for CT
tasks. Our soft fruit farm task allocation scenario is unusual because it combines
SA and DA tasks within an XD environment (runner tasks are dependent on
picker tasks and vice-versa).
Market-based mechanisms, especially auctions, are a popular approach to the
MRTA problem [5, 13]. Auctions are typically executed in rounds, comprised of
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three phases: (1) a centralised auction manager advertises one or more tasks to
a set of robots (or agents); (2) each agent determines its individual (private)
valuation (cost or utility) for one or more of the announced tasks and presents
that valuation in the form of a bid to the auction manager; and (3) then the
auction manager compiles the bids and decides which tasks to assign to which
agents. Multiple rounds can occur, until all the tasks advertised are assigned. One
prominent auction-based method is the sequential single-item (SSI) method [16]
(described in Section 3). SSI has been a popular choice for multi-robot task
allocation, and many variants have been studied, for example TeSSI [25], to
efficiently allocate a set of tasks with temporal constraints to a team of robots,
and sequential single-cluster (SSC) auctions [12] for solving pick-up and delivery
tasks in a dynamic environment.
One area of application for multi-robot teams that has been gaining attention recently is agricultural robotics [6]. State-of-the-art work includes use of
autonomous robots and machine learning methods, for example to identify ripe
fruit [15], map regions in need of irrigation [3]. or locate weeds [22]. A wide
range of robotic solutions for picking and transporting crops are currently being
developed, including harvesting sweet peppers [7, 20], and other fruiting vegetables [32], When harvesting crops, if a container has been filled, it must be
transported to a storage and/or packing location. Some have evaluated hybrid
human-robot solutions, where robots perform the transporting tasks while humans do the picking [4, 30, 31].

3

Methodology

In order to investigate our two research questions, we have constructed a multiagent based simulation of operations on a soft fruit farm, where each human
worker is represented by an agent. We assume that there are two different roles
for workers (picker and runner), that each task can be completed by one worker
on their own and that each worker performs one type of task (picking or transporting, respectively). Pickers harvest fruit in the field (in this case, a type of
greenhouse called a polytunnel ) and place the produce in punnets; and runners
collect trays of full punnets and deliver them to a centralised location called
a packing station. Our simulator was developed using MASON [23], a discreteevent multi-agent simulation library. We adapted a market-based task allocation
mechanism from [29], to advertise a set of fruit picking tasks. Agents bid on these
tasks and an auction manager assigns each task to the agent that presents the
bid with the lowest cost.
In practice on farms, picking tasks are determined each day by inspecting the
rows of crops, to discover the amount of ripe fruit they contain. In our simulation,
picking tasks are represented by patches (areas) of unoccluded (readily visible)
and occluded (hidden) fruits that are ripe. Transport tasks are created when
a picker’s schedule contains a task that will cause its capacity to be reached.
According to the taxonomies cited in Section 2, we characterise picking task
assignment as SA, because this is done a priori. Transport task assignment
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could be characterised either as SA, allocated before the mission when picker
tasks are assigned, or DA, allocated during the mission, as pickers fill trays.
3.1

Agents

We define two roles for agents in our simulation:
– A picker is defined by the tuple p = hv, l, sp , ci, where l is the agent’s initial
location and v its navigation speed; sp = hso , su i, for which so is the speed
at which the agent can pick occluded fruit (number of fruits per step); and
su the agent’s unoccluded fruit picking speed. When a picker has reached
their capacity (c) they cannot pick any more fruits. Pickers cannot leave
trays/punnets on the ground since customers are unwilling to accept fruit
covered in mud, and potentially contaminated with pests and disease. They
also require empty punnets to be delivered to them. Thus, the agent must
wait for a runner to collect the ripe fruits and take them to the pack house.
– A runner navigates to a picker, collects the punnet and then returns to the
pack house. Runners have a navigation speed and an initial location, i.e.,
r = hv, li. For runners, their initial location is always within the pack house.
3.2

Task Allocation Mechanisms

Similarly to our earlier work [11], we compare the variations in performance
resulting from the application of three different auction-based mechanisms to
the process of allocating picker and transporter tasks.
– Round Robin (RR) assigns the first task to the first agent, the second to
the second agent and so forth. After a single task has been assigned to each
agent, the agents are re-iterated over to assign each of them a second task.
This process continues until all tasks have been assigned to an agent.
– In Ordered Single Item (OSI), all agents bid on the first task and the agent
with lowest costing bid is assigned the task. The subsequent task is then
auctioned. When all tasks are assigned, the process concludes.
– For Sequential Single Item (SSI), in each round all unassigned tasks are bid
on by all agents. The task of the lowest costing bid is assigned to the agent
who placed that bid.
3.3

Allocation of Picking Tasks

Pickers are allocated work by bidding on, winning, and thus being assigned,
picking tasks. A picking task is defined as an (x, y) location and a number of ripe
fruits. Before bidding begins, the list of picking tasks is sorted, highest first, by
the total number of ripe fruits they contain. Pickers are sorted by picking speed,
s, which is a combination of speeds for picking unoccluded, su , and occluded,
so , fruits; quickest picker appears first. The cost of a picking bid is the duration
for the agent to complete all their previously assigned tasks plus the task being
auctioned. The duration of a single picking task is the sum of three components:
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– The time it takes the agent to navigate to their picking location (dv ). Navigation duration is calculated by dividing the length of the path by the agent’s
navigation speed (v): dv = len(path)/v.
– The time it takes to pick the ripe fruits (dp ). Picking duration is calculated
by combining the time spent picking unoccluded fruits with the time to pick
occluded fruits: dp = (u/su ) + (o/so ).
– The time spent waiting for a runner, but only if two conditions are met: (i)
the agent’s capacity will be reached whilst picking that patch; and (ii) the
runner scheduling interweaves the picker scheduling (see Section 3.4).
As precise AI path planning (e.g. [10]) causes the bidding process to be
computationally expensive, Euclidean distance is calculated as a proxy for the
path length. If the agent has not won any tasks (yet), two Euclidean distances
are summed: (i) the distance from the picker’s initial location to the row in
which the new task is located, and (ii) from the end of the new task’s row to the
location within the row of the new task. For navigating between locations within
the same aisle, a single distance is measured. For patches in different aisles, three
distances are summed: the distance from the previous location to the end of its
row, from the row of the previous location to the end of the row containing the
new location, and from that row end to the location itself. When the mission is
executed, Jump Point Search (JPS) [10] is called to find the precise path.
If executing a task would cause a picker’s capacity to be reached, it creates
a provisional transport task whilst constructing its bid. To facilitate this, the
number of fruits the agent will be holding when it completes its schedule and
the time step the agent will finish on are updated each time it is assigned a
task. To determine the time spent picking before the agent’s capacity is reached,
we assume that pickers harvest unoccluded fruits before picking the occluded
fruits from a patch. Along with the navigation time, this is added to the time
the picker will start the task (i.e. the timestep after its previously scheduled
task will end). Ideally, a runner will take the picked fruit from the picker on the
timestep directly after the picker has reached capacity. In reality, often a picker
has to wait for a runner; or vice versa. If the picker’s bid wins, then the transport
task is no longer provisional; it is appended to a list of transport tasks. When
a picker will reach capacity more than once when executing a task, multiple
transport tasks are created.
3.4

Allocation of Transport Tasks

Transport tasks contain the location and timestep that a picker will reach maximum capacity. The less time a picker spends waiting for a runner, the sooner it
will be able to complete its task. Therefore, the winning transport bid is the bid
that causes the picker the shortest delay. If multiple bids have an equally short
delay, then the bid with the shortest duration wins. For a transport bid, duration is the sum of the time it takes the runner to navigate to the picker, collect
the punnet and return to the packing station. Runners are sorted by navigation
speed, quickest appearing first.

6

H. Harman and E. Sklar

Three different modes were implemented and compared for allocating tasks
to runners. To differentiate between these and the mechanisms implemented for
allocating picking tasks, each adds a prefix to the mechanism name (e.g. W-RR):

– Whilst scheduling picking (W): Runners can be scheduled as soon as a transport task is created. This enables a picker’s bid to include the time they
would spend waiting for the runner.
– Post scheduling picking (P): The auction manager can wait until all transport
tasks have been created (i.e. all picking tasks have all been assigned) before
scheduling the runners.
– Whilst executing picking (E): Runners can be scheduled during execution,
which facilitates delays (differences between the scheduled duration and execution duration) to be accounted for within the runners’ schedules.
The transport bid creation algorithm determines where within the runner’s
existing schedule the task should be placed. The algorithm iterates over all the
runner’s already scheduled tasks, selecting those with start time after the ideal
end time of the task being auctioned and checking where the new task will fit
within this selected list. A record of the location/index is kept, so that if the
agent’s bid wins, the task can be inserted into the schedule easily.
The delay to the picker, in waiting for the runner to complete its task, is
calculated by finding the difference between the time the transport is required
and how soon after this time the runner can arrive. If the runner can arrive on
time, then the delay is the time it takes to hand over the punnet.
For the three modes (W, P and E), implementations of RR and OSI were
developed. In the W and E modes, OSI and SSI are equivalent since only one task
at a time is offered to the bidders. The algorithms employed to auction transport
tasks are essentially equivalent to the those developed for auctioning picking
tasks. In the P mode, before bidding begins, the transport tasks are sorted by
the timestep at which the runner is required. Unlike the W and E modes, when a
runner is assigned a task, the picker who created the task is required to update its
schedule to take into account the delay. The delay amount is added to the start,
end and transport-required times of all the tasks proceeding the delayed picking
task. The transport-required times of the corresponding (unassigned) transport
tasks are updated simultaneously. P-SSI is not performed since a runner’s tasks
must be in order of when a picker reaches capacity (to prevent deadlocks).
In the E mode, the transport task is only offered to the runners when the
picker (actually) reaches capacity. When a runner has no tasks to execute, it will
navigate to and wait in front of the polytunnels, so that it has less distance to
travel when a picker reaches capacity. These locations are predefined and iterated
over (then re-iterated over) to assigned them to the runners. In future work, we
will consider selecting different “waiting” locations that take into consideration
the current locations of the pickers.
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Experiments

We designed a series of experiments to evaluate our research questions concerning the ratio of runners to pickers and the strategy for allocating tasks to runners.
Two experimental scenarios were defined, below, and results of experiments are
presented in Section 5. Two key metrics are computed: execution time—how
long it takes to perform the tasks allocated; and waiting time—how long pickers spend waiting for runners. If the system is efficient, then the execution time
and wait time is minimised and yield is maximised. To determine the significance
of our results, we applied statistical testing and factor analysis, where appropriate. A Shapiro-Wilk test [33] was performed to check if each sample is normally
distributed. If there is a greater than 90% chance that the samples are all normally distributed, an ANalysis Of VAriance (ANOVA) test [1, 8] was performed
(for which the F test statistic is reported). Otherwise, Kruskal-Wallis tests [19]
were run (for which the H test statistic is reported). T-test are performed when
there are only two samples. The significance of results is indicated by p, the
probability of the results occurring randomly.

(a) Inside the polytunnel.

(b) Layout. Agents’ starting locations are indicated.

Fig. 1. Our strawberry farm. See text for explanation.

We developed two scenarios, one emulating a small farm and one a large
farm. Both are based on existing soft fruit farms and the data used in the
scenarios come from each of these farms.
The Small Farm (pictured in Fig. 1a) is a small research farm. During
Summer 2020, the volume of ripe fruits that were picked per row of crops were
recorded. This included information on how many of the fruits were occluded
from view. Data was recorded on each picking day (twice per week). In our initial
experiments, there was no statistically significant difference between the results
for different dates. Therefore, for the experiments presented here, we selected a
single date in which a large number of fruits were harvested. The data per row
was broken down into patches by adding each fruit to a randomly selected patch
from the same row (as depicted in Fig. 1b). The colour of the patches, in Fig. 1b,
represents the number of ripe fruits: red patches contain more ripe fruits than
orange patches, which contain more than yellow patches and green indicates the
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patches containing low amounts of ripe fruits. As an element of randomness was
included, two random distributions were produced (illustrated as heatmaps, like
that in Fig. 1b). For this scenario, we employed a 7-agent team of workers.
The Large Farm replicates aspects of a commercial fruit farm and we have
modeled one of their fields as an example. This single field is about 100 times
as large as the small research farm. Based on data provided from this farm, we
calculated the average yield per date and the average picking speed. Within our
simulation of this field, the yield was uniformly distributed across patches. For
all agents, navigation speed was set to ≈1 meter per timestep. The capacity of
pickers is set to the volume (4000 grams) of a standard tray (which contains the
punnets of picked fruits). On average, 39 pickers picked each day from this field;
therefore our experiment for this scenario contains 39 agents.

5

Results

We analyse our results by looking first at the composition of our workforce
(number of pickers and transporters); second at the impact of allocating tasks to
transporters at different points in the picking process; and third at the evenness
of the distribution of tasks in terms of how much time pickers spend waiting for
runners. In all plots presented, error bars indicate ±1 standard deviation.
The whilst scheduling pickers (W) runner mode, is more computationally
expensive than the E and P modes, since for every bid that a picker creates (for
which transport is required) the transportation task auction is invoked; whereas,
for E and P, only the transport tasks of winning picking bids are auctioned. The
deliberation time (i.e. the time it takes to allocate the tasks) of RR, OSI and SSI
has previously been compared and is nominal in the scheme of the overall run
time of our scenarios; thus, deliberation time is not analysed here [29].
5.1

Workforce composition

As shown in Fig. 2a, the ideal team split, for the small farm is 71% of agents
deployed as runners and the remaining agents as pickers; and for the large farm
is 25% of agents deployed at runners. Although the best percentages differ—due

(a) small farm
(H = 56.21, p = 0.00000)

(b) large farm
(H = 91.07, p = 0.00000)

Fig. 2. Results for execution time for different percentages of agents being employed
as runners. The H statistic from Kruskal-Wallis tests and associated p values are shown,
indicating statistically significant differences for the different ratios for both farms.
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to the large difference in size between the small and large farms and workforces—
the trends are the same. The two extremes (highest:lowest and lowest:highest
ratios of runners:pickers) represent the worst execution times, but in both cases
there is a sweet spot in the middle.
5.2

Transport task allocation mode

We computed factor analysis to compare the three transport task allocation
modes: whilst scheduling picking (W), post scheduling picking (P) and whilst
executing picking (E), as shown in Figure 3. For scheduling runners, overall
there is no statistically significant difference in execution time between the two
task allocation mechanisms (RR and OSI) (plots a and d). Scheduling the runners whilst scheduling the pickers produced a shorter execution time than the
alternative modes (plots b and e). The ablated results for the runner scheduling
mechanisms and modes show no statistically significant differences (plots c and
f). The statistical significance is reported for the small farm; for the large farm,
only one heatmap (i.e. distribution of ripe fruit) was evaluated for each run, so
it is not possible to compute statistical significance. Future work will involve
running over multiple heatmaps (e.g. representing different days in a picking
season).
runner mech.
Small farm:

runner mode

(a) (t=0.40, p=0.692) (b) (F=42.86, p=0.000)
Large farm:

(d)

(e)

runner mode & mech.

(c) (F=17.63, p=0.000)

(f)

Fig. 3. Factor analysis for the picker and runner mechanisms (mech.) and modes.

5.3

Cost of waiting

Finally, we compare the cost of waiting. Since pickers are more expensive than
runners (i.e. the best pickers are paid higher salaries), we focus on the picker
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waiting time here. Figure 4 shows the cumulative waiting time, summed over all
pickers in each run. As expected, when the percentage of runners increases, the
pickers’ wait time decreases; however, this also results in each picker picking a
higher proportion of the fruit.

(a) small farm
(H = 64.96, p = 0.00000)

(b) large farm
(H = 58.33, p = 0.00000)

Fig. 4. Results for cumulative picker waiting time for different percentages of
agents being employed as runners. The H statistic from Kruskal-Wallis tests and associated p values are shown, indicating statistically significant differences for the different
ratios in both farm scenarios.

6

Discussion, Conclusions and Future Work

This paper explored the application of market-based task-allocation mechanisms
to the problem of managing workers to harvest fruit. Patches of ripe fruits were
auctioned to agents in one of two roles (picker or runner) using three different market-based mechanisms (RR, OSI and SSI) drawn from the MRTA literature and three different modes for assigning dependent tasks to runners (whilst
scheduling picking, post scheduling picking and whilst executing picking). The
comparative performance of different ratios of pickers and runners was evaluated.
Our experiments were designed to answer two questions. The first question
asks what is the most efficient ratio of runners to pickers. Our results show
that the ratio of runners to pickers is critical with respect to both execution
and picker waiting time, and that the “sweet spot” varies depending on the
size of field and workforce. The second question asks what is the most efficient
strategy for allocating tasks to runners. Our results show that, for allocating
tasks to runners, the whilst scheduling pickers (W) mode produces the best
results (shortest execution times), with similar results for each of the different
auction mechanisms—indicating that the critical factor is identifying the best
point in the complex harvesting process to allocate transport tasks.
Current work involves deeper investigation of the large farm scenario, particularly using different distributions of ripe fruit and expanding to consider
multiple fields in the allocation (e.g. using market-based mechanisms to allocate the workforce to different fields, as well as allocating tasks within a field).
Ongoing collaboration with both of the farms that served as examples for the
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scenarios implemented here will allow farm managers to employ our task allocation methods for managing their workforce. These real-world deployments will
provide additional verification of our methodology, such that predicted results
from our simulation compared to actual results in the field will be presented in
future work.
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