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Abstract. With increasing demands for soft fruit and shortages of sea-
sonal workers, farms are seeking innovative solutions for efficiently man-
aging their workforce. The harvesting workforce is typically organised
by farm managers who assign workers to the fields that are ready to be
harvested. They aim to minimise staff time (and costs) and distribute
work fairly, whilst still picking all ripe fruit within the fields that need
to be harvested. This paper posits that this problem can be addressed
using multi-criteria, multi-agent task allocation techniques. The work
presented compares the application of Genetic Algorithms (GAs) vs
auction-based approaches to the challenge of assigning workers with vari-
ous skill sets to fields with various estimated yields. These approaches are
evaluated alongside a previously suggested method and the teams that
were manually created by a farm manager during the 2021 harvesting
season. Results indicate that the GA approach produces more efficient
team allocations than the alternatives assessed.
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1 Introduction

Seasonal workers are frequently employed on farms to pick ripe soft fruit (e.g.
strawberries, raspberries, cherries and blackberries) during the harvesting sea-
son. These workers are usually managed by harvest managers, who make daily
decisions about which fields should be picked and which workers to assign to
each of those fields. This process typically involves an awkward manual process
of juggling spreadsheets produced from different software systems and can be
quite time consuming, particularly at the height of the season when there are
hundreds of workers available, with varying skills and levels of experience. As
there is an increasing demand for soft fruits and shortages in seasonal work-
ers [6,20,28], farms are requiring more innovative solutions for managing their
workforce. Having sufficient labour and effectively managing the workforce will
help ensure all ripe fruit is harvested. If this is not achieved, unharvested ripe
produce will rot in the field. This situation results in food waste and a loss of
investment for the grower [5].
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A range of strategies to address the labour shortage issue are being explored.
This includes the introduction of robotic devices to assist with harvesting and
crop-care tasks [3,20,21,34,35]. In contrast, our research investigates practical
applications of Artificial Intelligence (AI) for managing the harvesting workforce,
drawing on literature from Multi-Agent Task Allocation (MATA). Our approach
can be implemented now, before a newfangled robotic workforce is ready to be
deployed, and can also manage a hybrid human-robot workforce in the future.

MATA methods seek to distribute a set of tasks fairly amongst a set of
agents. Our previous MATA work [12], showed that variations of Round Robin
(RR) could be adapted to the problem of assigning workers (agents) to fields
(tasks). This paper investigates applying Genetic Algorithms (GAs), Ordered
Single Item (OSI) auctions and Sequential Single Item (SSI) auctions to this
problem. GAs take a population-based approach, inspired by natural selection,
they progressively adapt the suitability of the individuals for their environment.
In contrast, OSI and SSI are auction-based methods, in which bidders bid for
items and the bidder that places the best bid (according to the auctioneer) is
assigned the item being bid on. To apply these approaches to our application
domain, we define a fitness function that incorporates the farm’s desire to min-
imise staff time (due to the shortages of labour) and balance workload amongst
workers. If the workload is unbalanced, some workers would have very few fruits
to pick while others would spend too long working. If these discrepancies are
large, then the workforce can become disgruntled—as pickers are typically paid
by the volume they pick, those with few fruits to pick earn less. Since workers
are usually free to leave one farm and move to another, the farm managers would
like to keep their workers happy so that their workforce remains intact during
the season.

The GA, OSI and SSI methods introduced in this paper are evaluated on
real-world data provided by a commercial fruit farm during their 2021 harvest-
ing season. This paper also compares these approaches to the method proposed
in [12] and the teams that were manually created by farm managers. This paper
is organised as follows. Section 2 highlights related work in the literature on
MATA. Section 3 describes our approach to allocating human workers to teams.
Section 4 explains the experiments we conducted, within a real-world scenario,
in order to evaluate the impact of our approach. Section 5 presents and analy-
ses our experimental results. Finally, we close (Sect. 6) with a summary of our
contributions and directions for future work.

2 Background

A key challenge in multi-agent and multi-robot systems is to decide which tasks
should be assigned to which agents so that the overall execution of a mission
(set of tasks to be executed within a particular overall timeframe) is efficient :
resources are used effectively, so that time and energy are not wasted and, often,
some reward is maximised. Many different types of task allocation mechanisms
have been explored within the multi-agent systems (MAS) and multi-robot sys-
tems (MRS) communities, generally addressing what are referred to as MATA
or multi-robot task allocation (MRTA) problems.
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An effective approach to MATA is the use of Genetic Algorithms (GA) [16].
GAs aim to minimise (or maximise) a fitness function by evolving a set of pos-
sible solutions—the population. A solution is represented as a “chromosome”,
(usually) a vector of values referred to as genes. To evolve the population, i.e.
to create a new generation, the strongest (i.e. fittest) individuals are selected to
survive and to be adapted. Various methods for representing a solution exist.
For instance, the Traveling Salesman Problem (TSP) has been represented as a
binary string, where each city is represented by a binary number and the order
they appear in a chromosome is the order in which they are visited. As large
problems require lengthy strings and many infeasible routes could be generated,
often approaches use integer strings [22,29]. The fitness function for the TSP
calculates the duration and distance associated with visiting each city in the
sequence a chromosome represents.

A selection strategy is chosen to retain the most promising individuals and/or
maintain diversity (by selecting a mixture of low- and high-ranked individuals). A
wide range of methods have been proposed and evaluated within literature [2,10,
17]. This includes truncation selection, where the best (least/most fit) individuals
are selected; tournament selection, where the best individual from a random
subset of population is selected, and fitness proportionate selection, where the
probability of an individual being selected is based on their fitness. The two
most common types of adaptation (also known as “reproduction operators” [15])
are crossover and mutation. Single-point crossover combines two individuals by
randomly choosing a gene and swapping all genes that fall after this gene with
the genes of the other individual. Researchers have also investigated multi-point
crossover in which the crossing over starts/stops at multiple genes. In mutation,
a gene’s value is changed; for example, a binary gene can be changed from 0 to
1 or vice versa, or an integer gene could be changed to a different, randomly
selected, value.

Multi-objective algorithms (MOA) aim to minimise (or maximise) multi-
ple fitness functions (or objectives) [4,8,19]. Often MOA attempt to find the
solutions that appear on the pareto front (i.e. a set of possible good solutions—
depending on which objective is preferred). Nevertheless, as we intend our system
to determine automatically which fields pickers will be assigned to, our approach
must be able to return a single solution. In our work, this is performed by finding
the weighted sum of the two objectives. This approach has been taken in prior
work, such as [11], in which a path length is combined with the path smoothness
(amount of rotation) to plan a robot’s route.

Auction-based approaches to MATA are often controlled by a centralised
auction manager. The auction manager announces item(s) to the bidders, the
bidders place a value on the item(s), and the auction manager decides which
bidders should be rewarded which item(s). Auctions usually repeat in “rounds”
until all items have been allocated. Auctions take into account both the self-
interests of individual bidders as well as group goal(s) represented by the auction
manager—hence their popularity in multi-agent systems, which seek to balance
both sets of, potentially conflicting, goals.
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An Sequential Single-Item (SSI) auction [18] is a particularly popular
method. In SSI, several tasks are announced to bidders at one time. Each bid-
der, responds with a bid representing the value (utility) of the task to them,
incorporating cost to execute and potential reward. The auction manager then
determines the winner by picking the bidder with the best (lowest/highest) bid
for any task. SSI has been a popular choice for multi-robot task allocation, and
many variants have been studied (e.g. [14,23–25,32,33]).

GAs have been applied to a wide range of domains. This includes deciding
where to apply nitrates to soil [27], allocating jobs to high-performance computer
resources [9], assigning search and rescue tasks after natural disasters [26] and
finding appropriate learning experiences for students [37]. Likewise, auctions
have been applied to many domains, including allocating harvesting tasks to
agents within a single field [13], controlling traffic [30], managing ambulance
dispatch [31] and planning the routes of heterogeneous robots [38]. The objective
of our work is to automate the process of managing the workforce of a large
commercial fruit farm. This workforce could consist of humans and/or robotic
workers. Specifically, we investigate applying GAs, OSI and SSI to the complex
problem of assigning workers to fields.

3 Approach

On a daily basis, farm managers decide which fields should be picked based on
yield estimates and customer demand. They assign workers to “teams”, each of
which will harvest in one or more of the selected fields. The aim of our work is to
decide which workers should be assigned to which field(s), saving farm managers
from having to undertake this time-consuming job. This section introduces the
problem and the fitness function, and then explains how GAs and auction-based
approaches can each be applied to the problem.

To help address labour shortages and reduce farm expenditures, staff time
(the total time worked by all staff each day) must be minimised. However, the
solution with the minimum staff time has an unevenly distributed workload: the
quickest worker is assigned to the field with the highest estimated yield, the
second fastest to the field with the second highest estimated yield and so on.
Each field has a single worker, except the field with lowest estimated yield, which
all remaining workers are assigned to. This is problematic for two reasons. First,
a worker picking alone will not manage to harvest the whole field—they will tire
and/or run out of allowable time1. Since soft fruit must be harvested within a
specific timeframe, unpicked fruit could spoil. Second, workers picking the field
with the lowest yield would have relatively little work, and thus lower earnings.
To prevent these problems, our approach also aims to minimise execution time—
a proxy for evenness (and thus fairness), calculated as the duration of time
between when the first picker starts work and when the last picker stops work
on a given day. Our method assumes that enough pickers are available so that
all ripe fruit can be harvested each day.
1 Labour regulations restrict the number of hours per day a worker can work.
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3.1 Problem Description

For each date within the picking season, the farm manager selects a set of fields
(F ) that require harvesting by the workers (W ) who are available on that date.
Each of the fields has an estimated yield. In our approach, groups of fields that are
picked by the same team of workers are treated as one field (i.e. their estimated
yields are summed). Our aim is to assign each worker (w ∈ W ) to a field (f ∈ F ),
so that staff time and execution time are minimised. A solution is only valid if
each worker is assigned to exactly one field (or group of fields) and no fields have
zero workers.

Each of the workers has a set of skills, indicating how quickly they can pick
each type of fruit. Their picking speed (in grams per second) is computed using
data that is already produced by commercial fruit farms. This data is recorded
so that a farm can pay the pickers by piece-rate (i.e. by the amount of fruit they
pick). When a worker’s picking speed is unknown for a particular type of fruit
(e.g. they have not picked that type of fruit before), a picking speed of 1 is used.
This is lower than the speed of any picker with experience.

3.2 Solution Fitness

We have developed a single fitness function that reflects and combines the two
factors we aim to minimise: staff time and execution time. To calculate this we
first need to introduce how to estimate the time it takes to pick a field. This
section details the components of our fitness function.

The estimated picking time (ept) is calculated for each field (f ∈ F )
selected for picking on a particular date (d), assuming it is picked by a specific
team of workers (f.W ). It is calculated by dividing the estimated yield (for field
f on date d) by the sum of the picking speeds (w.ps) for the workers assigned
to that field (Eq. 1). If a field has no workers, the ept of that field is infinity.

ept(f) =

{
f.estimated yield∑
w∈f.W w.ps(f.fruit) , if |f.W | ≥ 1

∞, otherwise
(1)

The first factor we aim to minimise is the average ept of workers (eptw),
representing staff time. This is calculated by summing the time all workers spend
picking and dividing this by the number of workers. This is shown in Eq. 2, in
which W is the set of all workers available on the date being scheduled.

eptw(F,W ) =

∑
f∈F (ept(f) × |f.W |)

|W | (2)

Equation 3 calculates the second factor we aim to minimise: the average ept
of the fields (eptf ), which represents the execution time. The ept of the fields is
summed and then this is divided by the number of fields.

eptf (F ) =

∑
f∈F ept(f)

|F | (3)
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The weighted sum of eptw and eptf is calculated to find the fitness of a solu-
tion. Raw staff time (sum of the ept of workers) and execution time (maximum
of the ept of fields) are not combined because staff time is a much greater value
than execution time and is likely to undergo larger changes when the workers
are rearranged. This would result in staff time being more dominant, whereas,
eptw and eptf are of similar scale and can be balanced against each other. The
fitness function is shown in Eq. 4. In Sect. 5.2, we discuss the results for different
values of the linear weighting factor (α).

fitness(F,W, k) = (eptw(F,W ) ∗ α) + (eptf (F ) ∗ (1 − α)) (4)

3.3 GA Approach

Our approach is implemented using the Jenetics library [39]. After creating the
initial population, the following steps are repeated until the termination criteria
has been reached (the best fitness remains unaltered for 5 generations):

1. Select survivors.
2. Select individuals for adaptation.
3. Adapt to create offspring (using mutation and single-point crossover).
4. Combine survivors and offspring to form new generation. 60% of the new

generation contains the offspring and 40% is formed of the survivors. This
represents a 60:40 exploration:exploitation ratio.

For our problem, the size of a chromosome is equal to the number of workers
(|W |), with each gene representing which field each worker is assigned to. A gene
is an integer value in the range 0 to |F | − 1. An example, for a problem with 5
workers and 3 fields, is shown in Fig. 1.

Fig. 1. Example population representing 3 possible solutions for assigning 5 workers
to 3 fields. For the first chromosome, the first worker is assigned to field 0; the second,
fourth and fifth to field 2, and the third to field 1. The offspring on the top right shows
the result when single-point crossover (from 3rd gene) is performed on the top two
chromosomes. The fitness of the original chromosomes are (top down) 71.28, 74.54 and
63.33; the offspring have fitness (top down) of 59.26 and 60.51. In this case, crossover
and mutation have produced individuals who are stronger (have a lower fitness) than
those in the original population. This example assumes that there is a single type of
fruit; multiple types of fruit are used in our experiments.
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3.4 Auction Approach

Typically, in auction methods, an auction manager advertises items (e.g. tasks)
to the agents. The agents bid on these items and the auction manger decides
which bid wins, and thus which agent is assigned the items(s) they have bid on.
For our problem domain, it is the fields that bid on the workers. Each agent
(field) aims to minimise its own ept (the individual’s goal); whereas, the auction
manager aims to minimise the fitness (the team’s goal). Thus, the cost of a bid
is the field’s ept if it were to be assigned the worker being bid on. The auction
manager replaces the ept of this field when calculating the fitness (Eqs. 2, 3
and 4) with the bid’s cost. We have implemented two auction-based approaches.

– Ordered Single Item (OSI) : Workers are sorted slowest first, and one worker
at a time is advertised to the fields. The auction manager assigns the field
whose bid produces the lowest fitness the worker being bid on.

– Sequential Single Item (SSI) : All unassigned workers are advertised to all
fields and each field responds with a bid for the worker that results in the
lowest ept (i.e. for the worker that has the quickest picking speed for the type
of fruit the field contains). As with OSI, the auction manager assigns the field
whose bid produces the lowest fitness the worker the field bid on.

To handle tiebreaks, if two bids have an equally low fitness, then the winner
is the field that has the fewest agents. If the fields also have the same number
of agents, the field with the highest yield wins. This guarantees that each field
will be assigned at least one worker (if |W | ≥ |F |).

4 Experiments

Our experiments are designed to evaluate the effectiveness, for managing a har-
vest workforce, of our GA approach compared to two auction-based approaches:
OSI and SSI. First, we evaluate the impact changing the linear weighting factor
(α) has on the execution time and staff time. Then we compare the methods to
the RR variant proposed in [12] and the actual teams created by farm mangers.

4.1 Data

A commercial fruit farm provided us with data during their 2021 harvesting
season, which involved 182 picking days. This data was for strawberry, raspberry,
cherry, and blackberry fields, a total of 30 fields. Note, this data has been used
within our previous work [12], and thus processing this real-world data is not
novel here. The following was provided incrementally during the 2021 season:

– Estimated yield : A spreadsheet containing an approximate volume of ripe
fruit for each field the farm plans to pick on the morrow.

– Worker list : A list of available workers.
– Recorded picking data : The amount of fruit picked so far by each picker.

This data is used to calculate the picking speeds of the workers, and to extract
the actual teams (that were manually created by farm managers).
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4.2 Metrics

To evaluate our proposed approaches, for each picking day, we calculate staff
time—the sum of the ept of all workers across all fields, and execution time—
the maximum ept of the fields. For determining the significance of our results,
we applied statistical testing and factor analysis, where appropriate. A Shapiro-
Wilk test [36] was performed to check if each sample is normally distributed.
For all samples there is 95% chance that the sample is normally distributed,
thus ANalysis Of VAriance (ANOVA) tests [1,7] were performed (for which the
F test statistics are reported). The significance of results is indicated by p, the
probability of the results occurring randomly. All plots show mean; the error
bars indicate the standard deviation.

To tune our GA, we ran experiments to choose amongst 8 different selectors,
15 initial population sizes, 10 mutation probabilities and 15 crossover probabili-
ties. The setup we found produced the lowest fitness is used for the experiments
presented here: truncation selection, population size of 1500, crossover probabil-
ity of 0.9 and mutation probability of 0.0 (i.e., no mutation). Our GA approach
was ran 5 times. The result of the run that produced the lowest fitness is shown
here since this is for the team that would be recommended to farm managers.
OSI, SSI and the RR variant [12] are deterministic, and thus were ran once.

5 Results

5.1 Trade-off Between Staff Time and Execution Time

As mentioned in Sect. 3, only taking into account staff time causes the workload
to be unbalanced. Our results, shown in Fig. 2, demonstrate this. When α =
1.0 (the point at the top left of the plots), the lowest staff time was achieved;
however, this also resulted in the highest execution time. As α was decreased,
execution time decreased and staff time increased.

(a) GA (b) OSI (c) SSI

Fig. 2. Scatter plots showing the trade-off between the two criteria: staff time and
execution time. The data points in purple indicate the results used in the comparison
shown in Fig. 3. Note the different x and y axis ranges
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5.2 Comparison to Alternative Approaches

The results for comparing our GA, OSI and SSI approaches with α = 0.5 to the
RR variations proposed in [12] (i.e. RR3) and to the teams manually created by
farm managers (Actual) are shown in Fig. 3.

(a) (F=2.24, p=0.063) (b) (F=22.58, p=0.000)

Fig. 3. The estimated staff time (left) and execution time (right) for the Actual teams,
the RR3 approach proposed in [12], and the GA, OSI and SSI approaches described in
this paper for α = 0.5. The sample size is equal to the number of picking days. (Note,
that Actual uses the actual picking days and actual yield; whereas, the remaining
approaches use the estimated data.)

Our GA approach achieved the lowest staff time and execution time. SSI
achieved the second lowest staff time and OSI had the second lowest execution
time. The difference in staff time is not statistically significant, but the difference
in execution time is. Nevertheless, based on the mean staff times, if all work-
ers were paid the UK hourly minimum wage (of £9.50), employing the teams
proposed by our GA approach could save the farm an average of £1229.72 per
day. The downside of the GA approach is that, for these experiments, it took
longer to run than the other approaches. Often there is a trade-off between
run-time and solution quality. Within our application domain, when picking has
finished for the day, farm managers send us the data required to created the
team allocations for the following day. Thus far, all approaches we have tested
would produce a result within a timely manner; we therefore, focus on which
created the most efficient team allocations. In future experimentation, the farm
managers’ opinions on the run-time of our approach will be gathered.

6 Summary and Future Work

This paper explored applying Genetic Algorithms (GAs), Ordered Single Item
(OSI) auctions and Sequential Single Item (SSI) auctions to the problem of
allocating workers to the fields selected for harvesting. We proposed a fitness
function that combines minimising the average staff time of workers with min-
imising the average execution time of the fields. Minimising staff time causes the
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workload to become unevenly distributed, and this execution time must also be
considered. Our experiments compared our GA, OSI and SSI approach to the
Round Robin (RR) variant proposed in [12] and the teams manually created by
farm managers during the 2021 harvesting season. The resulting staff time and
execution time of the GA approach was less than the alternatives.

During future work, we will explore the seasonal variation in our results. For
instance, at the start of the season, when there are few fields with ripe fruits and
few workers, a lower initial population could be needed than in the height of the
season. During the upcoming (2022) harvesting season, we are also planning to
perform further trials with our approach. This will hopefully include deploying
the teams our system proposes on a real-world farm.

Acknowledgments. This work was supported by Research England [Lincoln Agri-
Robotics] as part of the Expanding Excellence in England (E3) Programme and by
Ceres Agri-tech.
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