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Abstract

Meeting the UN’s objective of developing sustain-
able agriculture requires, in particular, accompa-
nying small farms in their agroecological transi-
tion. This transition often requires making the
agrosystem more complex and increasing the num-
ber of crops to increase biodiversity and ecosystem
services. This paper introduces a flexible model
based on Constraint Programming (CP) to address
the crop allocation problem. This problem takes
a cropping calendar as input and aims at allocat-
ing crops to respect several constraints. We have
shown that it is possible to model both agroeco-
logical and operational constraints at the level of
a small farm. Experiments on an organic micro-
farm have shown that it is possible to combine these
constraints to design very different cropping sce-
narios and that our approach can apply to real sit-
uations. Our promising results in this case study
also demonstrate the potential of AI-based tools to
address small farmers’ challenges in the context of
the sustainable agriculture transition.

1 Introduction
Agriculture is now at a crossroads. It requires many inno-
vations to meet the challenges of food security and nutri-
tion (FSN) while evolving towards sustainable food systems.
Agroecology, one of the main drivers of this transformation,
aims at building locally relevant food systems that strengthen
the economic viability of rural areas based on short market-
ing chains, and fair and safe food production [HLPE, 2019].
However, there is a gap of knowledge between agroecologi-
cal principles and practical applications that requires the de-
velopment of new tools to help design agroecological farms
[Duru et al., 2015]. In this paper, we focus on the problem of
crop allocation taking into account both agroecological and
operational constraints.

Among crop management problems, the crop rotation
problem has been the most studied. It consists in choos-
ing a set of crops and assigning them recurrently to dif-
ferent periods on a set of plots. The choice is usually
driven to optimize land use to maximize net income. For

decades, many decision tools have been developed to ad-
dress the combinatorial nature of the crop rotation problem.
Most of them are implemented with Mixed Integer Linear
Programming (MILP) and according to [Dury et al., 2011],
they are often based on a single monetary criterion optimiza-
tion procedure. Sustainable agriculture concepts can be in-
tegrated, first of all, the principle of crop rotation which re-
quires alternating crops from different botanical families, as
opposed to monoculture systems. The use of fallow land
and green manures or the separation of fields containing the
same crops can also be considered [Alfandari et al., 2011;
Fendji et al., 2021].

However, these decision support tools do not seem to be
able to fully meet UN Sustainable Development Goal 2: dou-
ble the agricultural productivity and incomes of small-scale
food producers and ensure sustainable food production sys-
tems and implement resilient agricultural practices. Indeed,
crop rotation and crop management tools cannot be used by
farmers worldwide because they neglected farms with only a
few hundred square meters of farming ground [Schöning et
al., 2023]. However, farms smaller than 2 hectares produce
roughly 35% of the world’s food [Lowder et al., 2021]. One
of the conditions for the sustainability of these small farms is
their ability to combine a large number of vegetable and fruit
crops. In these farms, such as agroforestry systems, crops are
managed at the scale of vegetable beds that allow the produc-
tion of several plants (fruits, vegetables, etc.) on the same
plot (see Figure 1).

To our knowledge, crop management tools have not yet
been investigated in highly diversified cropping systems in
an operational sustainable agriculture approach. For large
farms, an intermediate approach has been proposed in [Ju-
ventia et al., 2022] which investigates rotations of alternating
strips of two or more crops within the same plot. For small
farms, it is necessary to develop decision support tools that
can integrate the specificities of the farm. This means be-
ing able to select the most relevant agroecological constraints
for each farm and combine them with the operational con-
straints identified by the farmer in order to help him explore
and choose among a multitude of spatial and temporal crop
arrangement solutions. Artificial intelligence can contribute
to the development of these tools by providing formalisms
with a high level of expressiveness, such as Constraint Pro-
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Figure 1: The diversified micro-farm constituting the case study.

gramming [Rossi et al., 2006].
In this paper, we propose to use Constraint Programming

to model and solve the crop allocation problem at the level
of the vegetable beds of small diversified farms. This work is
only the first step in the development of an operational tool,
the next step being a participatory validation phase with farm-
ers and agroecological farms designers. The remainder of
the paper is organised as follows: we first introduce mixed
fruit tree-vegetable cropping systems which are widespread
on small farms (Section 2) then we formalize the associated
crop allocation problem (Section 3) and we propose a flexible
Constraint Programming model (Section 4) which is applied
to a real case study in an organic micro-farm (Section 5). Fi-
nally, we briefly discuss the results and perspectives.

2 Mixed Fruit Tree-Vegetable Cropping
Systems

Mixed fruit tree-vegetable cropping systems are agroforestry
systems that associate fruit trees and diversified vegetables
(often more than 40 species and varieties of vegetables) on the
same plot. These agricultural systems are common in tropical
countries in the form of home gardens. In temperate regions,
they have lately regained importance. They are most often
found on small-scale organic farms, which sell their prod-
ucts through short supply chains [Léger et al., 2018]. Due to
their highly agroecological nature, these emerging forms of
agroforestry systems are able to address many of the current
issues of agriculture. Indeed, they allow a reduction of the
land required for food production thanks to their efficiency
[Paut et al., 2020]. Their diversified production is particu-
larly suited to the needs of urban populations while facilitat-
ing the creation of social bonds, as it allows the shortening of
food supply chains. Finally, due to their strong agroecolog-
ical properties, these systems can limit negative externalities
in agricultural systems while maintaining high levels of agri-
cultural production per unit area.

Mixed fruit tree-vegetable cropping systems are divided
into production units, which generally correspond to a veg-
etable bed. A vegetable bed is a long thin strip of about 1m
width on which a succession in time of different vegetable
crops will be grown. The arrangement of the beds is usually

linear. They are arranged next to each other and generally
grouped in bundles of 10 to form a new unit called a ’garden’.
The gardens can be separated from each other by one or more
rows of fruit trees. Each bed has a set of characteristics (e.g.
pedoclimatic characteristics, proximity to a spot on the farm,
etc.). Figure 1 is an example of a diversified micro-farm with
vegetable beds. The growth of the fruit trees will gradually
modify the characteristics of the adjacent beds. Market gar-
deners define their cropping calendar each year, i.e. the list of
vegetable crops they have to grow at each period of the year
to achieve their production objectives, and in adequacy with
the available workforce. The market gardeners will then cre-
ate their cropping plan for the year by allocating the selected
crops to vegetable beds for a fixed time period in the field.

The creation of the cropping plan is crucial because it will
be decisive for the productivity of the coming year. To ar-
range the crops, the market gardeners take into account vari-
ous constraints of three different types : operational, pedocli-
matic and agroecological. Indeed, since micro-farms are of-
ten characterised by a high workload for the vegetable grow-
ers [Morel et al., 2018], the layout of the crops must allow
them to limit the number of trips around the farm in order
to limit their workload. At the same time, they must take
into account the soil and climate characteristics of each veg-
etable bed. In order to prevent soil impoverishment, but also
to break the cycle of pests and diseases and thus limit their
attacks and phytosanitary treatments, vegetable growers es-
tablish crop rotations, i.e. they do not plant the same crops
on the same bed one after the other. Finally, it is possible
to reduce the use of synthetic inputs by arranging vegetables
in such a way as to place crops in close proximity that have
beneficial interactions with each other, for example repelling
insect pests or attracting insect crop helpers [Ratnadass et al.,
2012]. Since every farming system is different, the creation
of the cropping plan must integrate the specifics of the eco-
logical, agronomic and human contexts in order to propose
an adapted solution.

Creating the cropping plan is a multi-criteria and highly
combinatorial problem, and market gardeners struggle to take
all the constraints into account. To reduce the complexity of
the process, they use predefined crop groups based on their
chosen criteria, which is mainly botanical family. Each group
of crops is allocated to a garden and shifted every year to the
next garden [Morel and Léger, 2015]. However, this strat-
egy fails to integrate agroecological constraints that favour
natural regulation processes. The model presented in this ar-
ticle makes it possible to explore alternative solutions for ar-
ranging vegetable crops taking into account operational and
agronomic constraints and the soil and climate characteristics
of the land, as well as integrating agroecological constraints.
Note that the cropping calendar is decided by farmers and is
an input of this model.

3 The Crop Allocation Problem
3.1 Input Data
The Mixed Fruit-Vegetable Micro-Farm
A micro-farm F is composed of N vegetable beds
{b0, ..., bN−1}, distributed among various gardens (see Fig-
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ure 2). An important consideration in our crop allocation
problem is the spatial adjacency of beds, which we define as
follows:
Definition 1 (Adjacency of vegetable beds). Two vegetable
beds bi and bj are adjacent if they are located in the same
garden and share a common side. We define the adjacency
function as follows:

adj(bi, bj) =
{
1 if bi and bj are adjacent
0 otherwise

(1)

Each garden and each vegetable bed can be associated with
a set of characteristics, such as their level of sun exposure,
their soil characteristics, their distance from the barn, etc.

The Cropping Calendar
In this problem, the cropping calendar is a fixed input. It
consists of a list of various vegetable crops that market gar-
deners have planned to grow throughout the year, in specific
time intervals. Note that the time unit in this context is the
week. Thus, given a micro-farm F , the cropping calendar C
is defined as a set of L vegetable crops {c0, ..., cL−1}. Each
vegetable crop ci is defined by a set of attributes, which we
define in the following.
Crop attribute 1 (Crop type). Let ci be a crop, we define the
crop type of ci by its botanical species spi. Any species spi
is also associated with its botanical family fami. Note that
distinct species can be from the same family, but a species is
from a single unique family.
Crop attribute 2 (Time interval). Let ci be a crop, the time
interval ti = [si, ei] ∈ N2 is the time during which market
gardeners want to allocate the crop ci to a vegetable bed.
si and ei are respectively the starting and ending cultivation
weeks of the crop.

Note that, according to market gardeners’ production ob-
jectives, it is frequent to have distinct crops that are from the
same species and are cultivated during the same time interval.
Such crops are said identical.

Crop Type Characteristics and Interactions
Most of the constraints that market gardeners need to take
into account are linked to the crops’ botanical characteristics
(e.g. light requirements), and their interactions. Thus, we
introduce a set of crop characteristics that will be useful to
define the operational and agroecological constraints of the
problem.
Crop type characteristic 1 (Return delay). Let famk be a
botanical family, the return delay rk ∈ N of famk is the nec-
essary delay (in weeks) before it is possible to plant another
crop from the same family on the same vegetable bed.
Crop type characteristic 2 (Light requirements). It is neces-
sary to allocate crops in beds that satisfy their light require-
ment. Species are classified into three categories regarding
their light requirement: full sunlight, shadow, unrestricted.
Crop type characteristic 3 (Care requirements). Crops that
require frequent care (e.g. daily harvest) must be allocated to
easily accessible beds. Species are classified into two cate-
gories: high and moderate care requirements.

Figure 2: Schematic example of a mixed fruit-vegetable micro-farm,
with its gardens, beds, and rows of fruit trees.

Crop type characteristic 4 (Monitoring requirements).
Crops that require regular monitoring must be allocated to
the beds located at the edge of the central path. Species are
classified into two categories regarding their monitoring re-
quirements: high and moderate monitoring requirements.

Crop type characteristic 5 (Species interaction). Given two
species spi and spj , we denote by interij ∈ {−1, 0, 1} the
degree of interaction between the species i and the species
j. If spi and spj have negative interactions, interij = −1, if
they have neutral interactions, interij = 0, and if they have
beneficial interactions, interij = 1.

3.2 Formal Description of the Problem
First, we introduce the notion of intersecting crops, which
simply designates any two crops whose time intervals inter-
section is not empty.

Definition 2 (Intersecting crops). Two crops ci and cj are
said intersecting if their time intervals ti = [si, ei] and tj =
[sj , ej ] have a non-empty intersection. Formally: ti ∩ tj 6= ∅.

Given a micro-fam F and a cropping calendar C, our base
problem consists in allocating each crop of C to a vegetable
bed of F such that no two intersecting crops ci and cj are
allocated in the same bed. We shall call such an allocation a
feasible crop allocation, which defines as follows.

Definition 3 (Feasible crop allocation). Let F be a micro-
farm composed of N vegetable beds. Let C be a cropping
calendar composed of L vegetable crops. A feasible crop al-
location is a tuple {a0, ..., aL−1} of bed indices such that ai
is the unique index of the bed on which the crop i is allocated,
and such that no two intersecting crops are allocated in the
same bed, that is:

∀(ci, cj) ∈ C2, ti ∩ tj 6= ∅ ⇒ ai 6= aj (2)

It is easy to show that this base problem can be solved in
polynomial time, by reducing it to a colouring problem on
an interval graph, a subclass of chordal graphs, for which the
graph colouring problem can be solved in polynomial time

Proceedings of the Thirty-Second International Joint Conference on Artificial Intelligence (IJCAI-23)
Special Track on AI for Good

5926



(a) Cropping calendar as intervals (b) Crop interval graph

Figure 3: Representation of a cropping calendar as intervals, and its
corresponding interval graph representation.

[Golumbic, 1980; Kolen et al., 2007]. This interval graph,
G = (V,E), is defined such that:

V = {i | ci ∈ C}
E = {(i, j) | ti ∩ tj 6= ∅}

(3)

This crop interval graph and its colouring will be the main
component of our CP model. An example of such a graph and
its corresponding cropping calendar is depicted in Figure 3.
Although this base problem can be solved in polynomial time,
several additional constraints (agroecological, pedoclimatic ,
and operational) must be integrated into the crop allocation
problem from a catalogue, according to market gardeners’
needs and preferences. These constraints break the simplicity
of the problem. We introduce this constraint catalogue in the
following, assuming that ai is the index of the vegetable bed
on which the crop ci is allocated.
Constraint C1 (Ensure return delays – agroecological).
Agroecological principles recommend avoiding cultivating
the same family one after another without respecting a given
delay. In our model, this constraint holds if for any distinct
pair (ci, cj) of crops from the same botanical family allocated
on the same bed, the delay between the beginning of ci and
cj is at least equal to the return delay associated with this
botanical family. Formally:

∀(ci, cj) ∈ C2 s.t. i 6= j ∧ fami = famj :

ai = aj ⇒ |si − sj | > ri
(4)

Constraint C2 (No negative interactions – agroecological).
The proximity between cultures can be detrimental, for in-
stance when one species shadows the other. Such situations
can be avoided with a constraint that holds if every distinct
pair of intersecting crops (ci, cj) having negative interactions
are non-adjacent. Formally:

∀(ci, cj) ∈ C2 s.t. i 6= j ∧ ti ∩ tj 6= ∅ :
interij = −1⇒ ¬adj(ai, aj)

(5)

Constraint C3 (Dilute crops – agroecological). In some sit-
uations, crops from the same species must be spatially diluted
to avoid the spread of diseases. This constraint holds if every
distinct pair of intersecting crops (ci, cj) that are from the
same species are non-adjacent. Formally:

∀(ci, cj) ∈ C2 s.t. i 6= j ∧ ti ∩ tj 6= ∅ :
spi = spj ⇒ ¬adj(ai, aj)

(6)

Constraint C4 (Compatible beds). For each crop, a list of
beds compatible with its pedoclimatic and operational needs
is defined. We have identified three criteria for crop compati-
bility with the beds.

• Ensuring light requirements (pedoclimatic)

• High care requirements (operational)

• High monitoring requirements (operational)

This constraint holds if every crop ci is allocated to a bed
which satisfies the requirements. Let Bi be the set of beds
which satisfy these requirements, then:

ai ∈ Bi (7)

Constraint C5 (Group identical crops – operational). This
constraint holds if, a given set of crops {ci, ..., ck} (e.g. iden-
tical crops) are allocated to a connected set of beds (e.g. to
limit the moves when market gardeners are working on the
same crops). Without loss of generality, we consider that the
numbering is consecutive from i to k. Formally:

Given {ci, ..., ck} ⊆ C :
adj(ai, ai+1) ∧ ... ∧ adj(ak−1, ak)

(8)

Given the definition of a feasible crop allocation and this
catalogue of constraints, we can now introduce a formal defi-
nition of the crop allocation decision problem.
Definition 4 (Crop allocation decision problem). Let F be
a micro-farm, C a cropping calendar, and R a catalogue of
constraints. A crop allocation decision problem is a triplet
(F , C, X ⊆ R). A solution to this problem is a feasible crop
allocation {a0, ..., aL−1} such that every constraint in X is
satisfied.

It can easily be proven that given the constraint cata-
logue introduced previously, R = {C1,C2,C3,C4,C5}, a
crop allocation decision problem (F , C, X ⊆ R), where
X is the set of constraints chosen by the market garden-
ers, is NP-complete depending on X . Indeed, constraint C1
breaks the chordality of the graph (see an example in Fig-
ure 4), turning the problem into a general colouring graph
problem [Karp, 1972], while constraints C4 make the prob-
lem close to the list colouring problem, more general than
the colouring problem, and NP-complete even for inter-
val graphs [Arkin and Silverberg, 1987; Biró et al., 1992;
Kolen et al., 2007]. To show completeness when C4 ∈ X ,
we transform any instance (G,L) of the list colouring prob-
lem on an interval graph G into an instance of crop allocation
decision problem. Each interval is associated with a crop and
the set of colours is the set of beds. Then, constraints C4
can be used to restrict the colours/beds allowed for each ver-
tex/crop v to the given list L(v).

Since the set R is still under development and validation,
it would be premature to try to design efficient algorithms for
values of R where the problem becomes polynomial. The
fact that the problem can be NP-complete validates the ap-
proach based on constraint programming whose great expres-
sive power facilitates the collaborative design of the set R.
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(a) Cropping calendar (b) Crop interval graph

Figure 4: Cropping calendar and crop interval graph with an addi-
tional return delay constraint (in red). The additional edges in the
graph break its chordality (a cycle of length 4 without chords is de-
picted with bold lines).

Finally, although in many situations the constraint satis-
faction version of the problem is sufficient to satisfy market
gardeners’ needs, some may need to include an optimization
objective. Just like the constraint catalogue, the aim is to pro-
vide them with several possibilities. Here, we introduce an
optimization objective example which consists in maximiz-
ing the number of beneficial interactions between adjacent
crops. This objective is defined by the number of adjacent
and intersecting crops that are allocated to adjacent beds.
Objective O1 (Beneficial interactions). Given a crop alloca-
tion decision problem (F , C, X ⊆ R), the objective O1 is the
number of adjacent and intersecting crops that have benefi-
cial interactions. Formally, if {a0, ..., aL−1} is a solution, O1
is given by:

O1 = |{(ci, cj) ∈ C2 | adj(ai, aj) ∧ interij = 1}| (9)

Definition 5 (Crop allocation optimization problem). Let
(F , C, X ⊆ R) be a crop allocation decision problem, o
an objective variable, and p ∈ {minimize,maximize} a pol-
icy. The crop allocation optimization problem (F , C, X ⊆
R, o, p) is such that any solution {a0, ..., aL−1} is optimal
according to o and p.

Since the crop allocation decision problem is potentially
NP-complete depending on the constraints chosen in the set
X , we can easily deduce that the optimisation problem be-
comes NP-hard depending on X .

4 A Flexible Constraint Programming Model
Constraint Programming (CP) is a declarative paradigm for
modelling and solving constraint satisfaction and constrained
optimization problems (CSPs and COPs). One of the main
advantages of CP are its expressiveness and flexibility, which
makes it well-suited to design generic and adaptable decision-
support tools. Indeed, the paradigm includes several types of
variables (e.g. integer, set) and constraints (e.g. arithmetic,
semantic) [Rossi et al., 2006]. Although to the best of our
knowledge, CP was never considered to design crop manage-
ment decision support tools (to the exception of [Akplogan et
al., 2013], who used a weighted CSP approach to solve the
crop rotation problem), it is well suited to encode the crop
allocation problem described in Section 3. In particular, the
flexibility of CP is welcome in the context of small farms,
which have to cope with many contextual constraints.

4.1 The Base CP Model
Our base CP model relies on the notion of feasible crop allo-
cation introduced in Definition 3. First, to each crop ci ∈ C
we associate a decision variable (integer) ai ∈ [0, N − 1].
An instantiation of a variable ai corresponds to the index
of the vegetable bed it is allocated to. To ensure that any
tuple {a0, ..., aL−1} is a feasible crop allocation problem,
that is no two intersecting crops are allocated to the same
bed, we apply an ALLDIFFERENT constraint to each set of
variables corresponding to the maximal cliques of the inter-
val graph G = (V,E) defined in Section 3. Because G is
chordal, identifying these maximal cliques can be done in
linear time using the Minseps-Maxcliques algorithm with a
Maximal Cardinality Search [Tarjan and Yannakakis, 1984;
Berry and Pogorelcnik, 2011]. Note that this preprocessing
step also gives a lower bound on the chromatic number of
G, which can help detect an insufficient number of vegetable
beds in advance.

4.2 CP Encoding of the Constraint Catalogue
Encoding the constraints described in Section 3 is straight-
forward in CP. For Constraint C1, we first identify all pairs of
distinct crops (ci, cj) such that fami = famj ∧ |si − sj | ≤ ri
and apply the constraint ai 6= aj . For Constraints C2 and
C3, for each pair of distinct crops (ci, cj) that must be non-
adjacent, we identify all potential pairs of adjacent beds allo-
cations from their domain and apply a TABLE constraint with
forbidden tuples. We employ a similar procedure for Con-
straint C5, but with allowed tuples. Finally, Constraint C4 is
encoded by reducing the domains of decision variables corre-
sponding to affected crops. The symmetry related to identical
cultures is eliminated thanks to INCREASING constraints be-
tween the corresponding variables.

4.3 CP Encoding of Optimization Objectives
In CP, the optimization objective is an integer variable. Thus,
encoding an objective consists in adding a variable which
is constrained to correspond to the metric that market gar-
deners want to optimize. To encode our example objective,
O1, we introduce auxiliary adjacency Boolean variables adjij
for each pair of distinct and intersecting crops (ci, cj) hav-
ing beneficial interactions, using a reified TABLE constraint.
Then, the objective variable o is constrained to be equal to the
sum of auxiliary Boolean variables, with a SUM constraint.

4.4 Implementation and Distribution
We implemented the crop allocation CP model introduced
here with Choco-solver, an open-source Java CP solver
[Prud’homme and Fages, 2022]. The source code of our im-
plementation is open-source and freely available in GitHub
(https://github.com/philippevismara/agroecoplan) and Zen-
odo (https://doi.org/10.5281/zenodo.7970929).

5 Experiments
5.1 Case Study
The farm constituting this case study is an organic micro-
farm located in the Var department, in the south of France.
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Figure 5: Annotated aerial photo of the case study’s farm.

This farm of 1 ha is managed by two market gardeners and
is constituted of three production workshops: market garden-
ing, fruit growing and laying hens. The farm includes 80 veg-
etable beds of 30m long by 0.75m wide which are grouped
by 10 into 8 gardens numbered A to H. Gardens A, B, C, D
and E are located along the central path, which is the most
used path. Gardens C, D, E, F, G and H are separated from
each other by double rows of fruit trees that shade the north-
ern adjacent beds. From a practical point of view, the mar-
ket gardeners go back and forth between the gardens and the
equipment shed which is located at the beginning of the cen-
tral path, in a wooded area. Thus, the workshop is the central
point of the farm. (See Figure 5)

The list of crops used for this study is the list market gar-
deners have created for the year 2022. That year, the market
gardeners decided to reduce their activity and eliminate the H
garden. The list of crops contains 42 vegetable crops to be
grown for different periods. Some crops have to be grown on
several vegetable beds at the same time. Counting these rep-
etitions, 77 crops must be assigned to the 70 vegetable beds.

In order to study the possibility of exploring cropping plans
that take into account various constraints of different types
(agroecological, operational and pedoclimatic), three scenar-
ios with contrasting sets of constraints have been established.
The first two scenarios test the possibility of exploring crop-
ping plans by integrating agroecological constraints. The
third scenario verifies the possibility of exploring cropping
plans by integrating operational constraints.

The three scenarios have in common the pedoclimatic con-
straints linked to each vegetable bed. In this case study,
because the soil characteristics are homogeneous on all the
beds, the only pedoclimatic constraint is the light resource
available. To allocate the crops to the vegetable beds we took
into account the beds that are in the shade in summer and
winter.

Scenario 1: Interactions Between Crops
The constraint taken into account in scenario 1 is the con-
straint of interactions between crops. The proximity between
crops can induce ecological processes that are favourable to
both crops (e.g. attracting other crop pests’ enemies). On the
contrary, it can be unfavourable for both crops (e.g. transmit-
ting diseases to each other). In this scenario, the allocation

Nb. threads Solving time Complete search
Scenario 1 8 1h No
Scenario 2 1 0.16s Yes
Scenario 3 1 0.16s Yes

Table 1: Summary of the results, including the number of cores
used in each scenario, the solving time, and the completeness of
the search.

of crops that have negative interactions with each other on
adjacent beds is forbidden ( C2). We also seek to maximise
positive interaction between crops (O1).

Scenario 2: Crop Rotations and Dilution Effect
The second scenario includes the constraint of rotation ac-
cording to botanical families (C1) and the constraint of dilut-
ing the crops in space (C3), i.e. crops of the same species
whose field periods overlap must be separated at least by one
bed in order to limit disease transmission.

Scenario 3: Facilitating Crop Management
The third scenario takes into account three operational con-
straints that aim to simplify crop management. The first is
the grouping constraint (C5), i.e. identical crops must be al-
located to adjacent vegetable beds in order to limit the moves
when working on the same crops. The second is the con-
straint of facilitating frequent care (C4), i.e. the crops that
require frequent care (crops that are harvested or weeded reg-
ularly) should not be allocated to the beds of gardens F and G
because they are the furthest from the equipment shed. The
third is the constraint to facilitate monitoring (C4), i.e. crops
that need regular monitoring should be placed on the beds at
the edge of the central path.

5.2 Results
All scenarios were run for one-year schedules on an Ubuntu
laptop, powered with an Intel i7-12700Hx20 CPU and 32GB
of RAM. In Scenario 1, a parallel portfolio strategy was used
with 8 threads [Prud’homme and Fages, 2022] and a time
limit of 1 hour was set. The solver could not provide optimal-
ity proof within this time. In Scenarios 2 and 3, the constraint
satisfaction was quickly done by the solver on a single thread
(see Table 1).

In Figure 6 which shows the model outputs at week 24 for
the three scenarios, it clearly appears that the solutions gen-
erated by the model are different. They also differ from the
cropping plan created by the market gardeners (see D in Fig-
ure 6). The market gardeners grouped most crops by botan-
ical family and assigned these groups to different gardens.
They then organized the rotations by moving each year fam-
ilies to the next garden. This strategy allows them to group
crops together and thus limit displacements during an inter-
vention on crops of the same species, and to integrate crop
rotations according to the criteria of botanical families. How-
ever, it excludes the possibility of integrating agroecological
constraints such as those considered in scenarios 1 and 2. For
instance, in scenario 1 (see A in Figure 6), no crop pairs with
negative interactions were allocated to adjacent beds, while
the vegetable growers have negative interactions in their crop-
ping plan (e.g. tomatoes and aubergines in D in Figure 6).
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Figure 6: Schematic representation of week 24 for the model out-
puts for the three scenarios and comparing to the cropping plan ac-
tually created by the farmers. For scenario 1 and the market garden-
ers’ cropping plan the interactions between crops are represented by
coloured lines (red: negative interaction; yellow: neutral interaction;
green: beneficial interaction). For scenario 3, red-framed beds indi-
cate crops that require regular care and beds marked with a red arrow
indicate the crops that require monitoring.

The market gardener’s strategy also excludes the possibility
of integrating new operational constraints such as those con-
sidered in scenario 3 (e.g. market gardeners allocated onions
to a garden located far away from the equipment shed). Fi-
nally, we have taken into account in the three scenarios the

constraint of ensuring light requirements, while market gar-
deners have allocated some crops that require access to sun-
light to shaded beds.

6 Discussion and Conclusion
In this paper, we have introduced a flexible model based on
Constraint Programming (CP) to address the crop allocation
problem, with a strong emphasis on empowering small farm-
ers with decision support tools that were so far unsuited to
their needs. In contrast to the well-studied crop rotation prob-
lem, this problem takes the cropping periods as input and
involves a much greater diversity of crops and constraints.
We have shown that this problem is a complex combinatorial
problem, which requires both an expressive and flexible ap-
proach to address the wide variety of issues that small farmers
need to face. Based on a real case study from an agroecolog-
ical farm in the South of France, our approach have shown
promise to efficiently provide small farmers with diverse and
alternative cropping plans.

Such cropping plans could be of great help to foster sus-
tainable and agroecological food production systems, and
support small-scale food producers, in accordance with the
UN Sustainable Development Goal (SDG) 2. However, fur-
ther requirements for the appropriation of our approach by
market gardeners are (i) its ability to satisfy as many situa-
tions as possible, and (ii) its availability. Indeed, although we
have presented a flexible and extensible model and applied it
in a real use case, we expect to discover many additional con-
straints and optimization objectives by confronting our ap-
proach with as many small farmers as possible, in as many
places as possible. In addition, and as raised by [Schöning et
al., 2023], the provisioning of small farmers with advanced
crop management tools is a major challenge for addressing
SDG 2. As demonstrated in this work, CP is a good candi-
date to build such tools. Indeed, unlike ad-hoc approaches,
AI-based approaches such as CP can provide high levels of
flexibility, expressiveness, and extensibility.

More generally, our approach is part of a trend allowed by
AI which tends to question many of our practices. Indeed,
tasks such as the crop allocation problem are almost impossi-
ble to fully address without the help of computers. Not only
do AI-based tools facilitate small farmers’ tasks, but they also
offer them the possibility to take a disruptive point of view
about their practice. For example, it is frequent to witness
practices that are contradictory with sustainability and agroe-
cology but are employed because of operational constraints,
a lack of knowledge about potential alternatives, and mainly,
the combinatorial difficulty of including many constraints to
build the allocation of the culture. As an example, many hy-
potheses about beneficial interactions between species could
never be tested, because it is too complex for a small farmer
to change a functional cropping plan without the guarantee
that the new one will satisfy its operational needs. We hope
that our approach will strengthen small farmers’ capacity by
offering them the opportunity to experiment with alternative
cropping plans, in line with sustainability principles, without
ever losing the guarantee that their operational requirements
will be satisfied.
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