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The optimal allocation of crops to different parcels of land is a problem of paramount practical importance, not only to
improve food and feed production, but also to address the challenges posed by climate change. However, this optimization
problem is inherently complex due to the large number of agricultural sites available which generates a vast search space that
renders traditional optimization techniques impractical. Moreover, as maximizing average production may generate solutions
characterized by high year-by-year instability and lead to large and unrealistic cultivated areas, it is necessary to optimize crop
allocation considering several objectives at the same time. In order to tackle this complex optimization problem, we propose
a multi-objective approach, simultaneously maximizing the average production, minimizing the year-on-year production
variance, and minimizing the total cultivated surface. The approach relies on an established multi-objective evolutionary
algorithm, and employs a machine learning model able to predict crop production from weather and irrigation conditions,
trained on historical data, making it possible to tackle allocation problems of large size. The proposed approach is compared
to a quadratic programming algorithm tailored to the target problem. A case study focusing on the allocation of soybean
crops in the European continent for the years 2000-2023 shows that the proposed methodology is able to identify informative
trade-offs between the three conflicting objectives considered, and identify realistic and meaningful crop allocations for
supporting stakeholders’ decisions.

CCS Concepts: « Applied computing — Environmental sciences; Multi-criterion optimization and decision-making.

Additional Key Words and Phrases: crop allocation, crop yield forecasting, machine learning, multi-objective optimization

1 INTRODUCTION

Production of agricultural crops for human and animal consumption is heavily influenced by location-dependent
conditions, such as quality of the soil, weather patterns, or rainfall. The allocation of specific types of crops to
the most appropriate areas for maximizing crop production is becoming a major issue in a context of growing
negative impact of climate change [Raza et al. 2019]. The increased frequency of extreme weather events is causing
greater year-to-year production instability and increasing the risk of food shortages. Soybean production, in
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particular, is a major source of concern; it is the world’s main source of protein for animal feed, and its production
is concentrated in South America, where it has a negative impact on natural areas and causes deforestation. In
the European Union (EU), soybean self-sufficiency did not exceed 16% in 2021-2022 [EFSCM 2023]. To cover
the 36.3 Megatons (Mt, i.e. 10° tons) of soybean consumed in the 27 Members States (average 2018-2022 [FAO
2024]), EU imports soybean from a few countries, especially from Brazil (45.4%), the United-States of America
(40.7%), Ukraine (7.4%), and Canada (4.0%) (2023-2024, from the ’Dashboard for the monitoring of food supply and
food security’ available in the Food supply and security data portal [Pellizzoni et al. 2024]). Relocating soybean
production to Europe could have a number of advantages for both the trade balance and the sustainability of
agricultural production, but the feasibility of producing large quantities of soybean in Europe remains uncertain.
More specifically, we do not know how to optimally distribute soybean in different European regions in order to
achieve both a high and stable production over time, while minimizing the area cultivated to allow other types of
agricultural production.

Several approaches have been proposed for the optimization of crop allocations, typically relying on classical
optimization techniques [Ben-Ari and Makowski 2016]. However, such approaches have been implemented so far
considering a small number of spatial units (i.e., a few dozens) while realistic crop allocations involve thousands
of crop sites. The application of traditional algorithms has important limitations when the number crop allocation
units considered is very large.

In this work, we propose to apply a multi-objective evolutionary algorithm (MOEA) to the problem of crop
allocation. Relying upon a machine learning model trained on historical data on soybean yields (i.e., the production
by unit of cultivated land), irrigation, and climate, we estimate soybean annual productivity in the EU between
2000 and 2023. These projections are generated for each cell of a spatial grid of 0.5° resolution covering croplands
in the EU, corresponding to a total of 3,509 cells over 23 years. Based on this dataset, a multi-objective optimization
is performed to generate a set of solutions (i.e., land use allocations) approximating a Pareto front and combining
three objectives: (1) maximizing the mean annual soybean production, (2) minimizing the inter-year production
variance, and (3) minimizing the total cultivated soybean area.

Preliminary results of this research line have been reported in [Chen et al. 2024c]. However, the present
work explores several methodological issues in greater depth. First, we optimize crop allocation for different
combinations of the three objectives. Second, as all objective functions are either linear or quadratic, we also
compare the MOEA results against an ad-hoc optimization algorithm able to return guaranteed Pareto-optimal
points and designed specifically for this application. Finally, after obtaining a set of non-dominated candidate
solutions in the space of the objectives, we analyze the trade-offs between the three objective functions, and
identify four land use allocations offering new perspectives to improve the level of soybean self-sufficiency in
Europe.

The paper is organized as follows. Section 2 introduces the scope of this work. The proposed approach is
described in Section 3. The case study, on the allocation of soybean crops in the European continent, is detailed
in Section 4. Finally, Section 5 delineates some conclusions and outlines future works.

2 BACKGROUND
2.1 Forecasting of crop yields

The production by unit of cultivated land is commonly named crop yield and is usually expressed in t/ha. Crop
yield predictions at large scales play a significant role for commodity trading and implementation of food security
policies [Hoefsloot et al. 2012] and they are essential to prevent food shortages in case of harvest losses. They are
also used to make projections about the impact of climate change on crop production [Silva and Giller 2020].
Historically, crop yield predictions were obtained with process-based models which integrate biophysical
mechanisms underlying plant growth and development [Bali and Singla 2021]. However, these models are not
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always reliable, due to their large number of parameters and the difficulty of estimating them accurately [Leng
and Hall 2020]. These models may provide inaccurate forecasts [Lobell and Burke 2010; Miller et al. 2021] which
can lead to contradictory conclusions depending on the type of model used [Makowski et al. 2015].

In parallel, statistical linear regression models are simpler and less costly to implement compared to process-
based models [Bali and Singla 2021]. For these reasons, they were frequently used in crop yield prediction as
well [Basso and Liu 2019; Laudien et al. 2020]. However, standard regression models do not perform well when
their inputs are highly correlated and do not always capture all the possible interactions between predictors [Basso
and Liu 2019]. More flexible algorithms, such as random forest [Breiman 2001], gradient boosting [Hastie et al.
2009], or artificial neural networks [Goodfellow et al. 2016], are now commonly used to forecast yields of
crops [Bali and Singla 2021; Van Klompenburg et al. 2020] and often show better performances compared to
traditional statistical methods such as linear regression, in particular to predict soybean yields [Barbosa dos
Santos et al. 2022; Guilpart et al. 2022; Kaul et al. 2005].

2.2 Optimization of crop allocation

Globally, the demand for food is expected to increase by 35% to 56% between 2010 and 2050 [Van Dijk et al. 2021]
and so far the actual time trend of food demand has closely followed previous predictions. In the last decades, crop
productivity has increased thanks to genetic improvements of cultivars and better crop management practices.
The intensive use of fertilizers and pesticides, as well as improvements in mechanization of agriculture also had
a strong positive impact on yield [Arata et al. 2020], albeit with negative environmental repercussions. Some
studies suggest that there is still some potential to intensify production on existing land [Wu et al. 2018], but this
could also lead to more adverse environmental effects. In addition, there is a considerable amount of uncertainty
on the impact of climate change on crop production, whose effects are hard to anticipate [Miiller et al. 2021].

An alternative approach is to allocate larger proportions of cropland on arable lands with high productivity in
order to concentrate the crop production on relatively small areas, while preserving natural ecosystems (such
as forest, permanent grasslands, or wetlands) as much as possible. Several studies used crop models to make
projections in new areas where the crop is not yet grown and examined the consequences of different choices of
crop allocation (e.g. [Jackson et al. 2019; Su et al. 2021]). A similar approach was used to simulate the yields in
various climate change scenarios to investigate the suitability of production in the context of climate change
(e.g. [Gao et al. 2021; Guilpart et al. 2022]). A number of studies have been carried out over the last few decades
to find an optimal distribution of cultivated land at different scales, from the farm [Dogliotti et al. 2005] to the
continent [Chen et al. 2024b; Makowski et al. 2000].

Most of these studies relied on linear programming models optimizing average crop production under various
constraints without considering the year-by-year variability of the crop production. This aspect is important
to consider when optimizing crop allocation because the concentration of crop production on restricted areas
with high productivity may lead to a reduction of the resilience of the production systems. Contrary to the
average production, the production variance cannot be expressed as a linear function but, instead, as a quadratic
function of crop allocations. For this reason, it is more difficult to optimize crop allocation taking into account
the production variance. Only one study quantified the trade-off between average value and variance of crop
production using quadratic optimization [Ben-Ari and Makowski 2016]. Although useful, this approach only
provides estimates at a low geographical resolution (i.e., geographical units covering groups of countries) and
does not provide information on how to allocate crop lands locally. Therefore, an optimized soybean allocation
strategy which simultaneously maximizes both the yield and stability of production while minimizing the total
surface used is needed to identify suitable production areas at a finer scale.

ACM Trans. Evol. Learn. Optim.
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2.3 Multi-objective optimization in agriculture

Multi-objective optimization is a branch of optimization dealing with problems featuring multiple conflicting
objectives [Deb 2001; Deb et al. 2016]. Differently from single-objective optimization, where the goal is to find a
single solution with the best possible value of the target cost function, the aim of multi-objective optimization
algorithms is to find a non-dominated front of candidate solutions, each one representing a different trade-off
between the multiple objectives.

More formally, in a minimization problem, a candidate solution I dominates I’ if:

Fi() < F;(I')  Vje{l,..N,} )
Am, Fpy(I) < Ep(I)

where F; are the fitness functions for the j = {1, ..., N, } different objectives. When I dominates I’, we write
I C I'. If there exists no I’ that dominates I, then I is a non-dominated solution. The set of all non-dominated
solutions defines the Pareto optimal set of a MOO problem and the set of their valuations, (F;(I), ..., Fn, (I)) for
all I in the Pareto optimal set defines its Pareto front. In many multi-objective evolutionary algorithms, domination
is only considered with respect to other candidate solutions, usually the ones inside the population at the current
generation, plus the ones stored in a dedicated archive.

Given two distinct sets of solutions, it is not always easy to compare them, which is the case for example,
when no solution in either of the two sets dominates any solution in the other set. Such sets of solutions can be
compared using measures such as their hypervolume [Zitzler et al. 2007]. Intuitively, the hypervolume of a set of
solutions S is proportional to the number of solutions that are dominated by at least one solution I € S. Formally,
given a set of solutions S and a reference point r in the objective space that is dominated by all solutions, the
hypervolume of S is

H.(S)=A{I|IcrA3dl' eSI CI}) (2)

where A denotes the Lebesgue measure. When comparing two different sets S, S, H-(S) > H,(S’) generally
indicates that S is a better approximation of the true Pareto optimal set than S’.

MOEAs currently represent the state of the art in the multi-objective optimization domain. While the most
recent research works in the field explored complex problems with 10 or more objectives [Deb and Jain 2014;
Ishibuchi et al. 2008], for applications with up to three objectives the most established algorithm is arguably the
Non-Sorted Genetic Algorithm II (NSGA-II) [Deb et al. 2002], which is used in this work. However, where many
MOO applications have objective functions that are hard to evaluate (sometimes even hard to write explicitly), in
our case (see section 3), the objectives are not only known and easy to write, but even tractable, meaning that
a provably optimal solution can be computed in polynomial time. Indeed, when all objectives are linear, it is
possible to compute the exact Pareto optimal set, i.e., the set of all solutions which are are not dominated, along
with certificates that no other solutions exist [Lohne and Weifling 2017]. In this work, the objectives are linear
and quadratic, and are both tractable but, as an approach which relies on purely linear objectives does not apply
here, we should rely on more general continuous multi-objective optimization techniques [Eichfelder 2021].

Not surprisingly, multi-objective approaches are popular choices for framing optimization problems in agri-
culture, where each candidate solution is often a trade-off between multiple conflicting needs. For example,
in [Chen et al. 2022], the authors use NSGA-II to find optimal strategies for the management of rice fields, finding
compromises between irrigation events, use of rainfall, and yield. [Linker 2020] proposes the use of different crop
and water use models to solve a multi-objective optimization problem of crop and irrigation allocation at the level
of a single farm, solving sub-problems using a Particle Swarm Optimization algorithm and then calling the MOEA
EvMOGA [Martinez-Iranzo et al. 2009] to find non-dominated solutions for the global problem. Finding optimal
combinations of crops in greenhouses is the subject of [Marquez et al. 2011], where the multi-objective problem
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is framed as maximizing global yield while at the same time minimizing water use, employing both NSGA-II
and the msPESA [Gil et al. 2006] algorithms. The work presented in [Karamian et al. 2023] proposes to take into
account multiple factors to evaluate agricultural policies in the Miandarband Iranian region, from production
using crop models, to environmental impacts using Life Cycle Assessment tools, to societal impacts using expert
models obtained interviewing local farmers, a three-objective optimization approach that was also applied to the
evaluation of the production in insect farms [Mouhrim et al. 2022]. In [Jain et al. 2021], the authors aim to find
the mix of crops to plant over the Telangana Indian region that maximizes economic returns and minimizes the
use of fertilizers, using a novel ad-hoc stochastic multi-objective algorithm; however, the optimization problem is
framed so that only the total area dedicated to each species of plant is taken into account, and the exact locations
of the crops in a candidate solution are not considered. To the best of the authors” knowledge, multi-objective
optimization has never been used to address the problem of crop allocation over vast geographical areas, for
example at the level of whole countries or continents, using fine-grained geographical locations.

b
5\éhina
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Canada
(N=28)

Argentina
(N=283)

e Selected sites in major soybean producing areas (N=2,784)

+ Selected sites in geographical areas unsuitable for soybean production (yield = 0 tons/hectares) (N=663)

Fig. 1. Map of the grid-cells where soybean yield data were collected for the training set of the machine learning algorithm,
later used to predict yield in the European Union’s croplands. The yield dataset covers both sites selected in major soybean
producing countries (colored dots) and zero-yield sites located in areas unsuitable for soybean cultivation (black crosses).
Colored labels indicate, for each soybean-producing country, the number of sites included in the dataset.

3 IMPLEMENTATION TO OPTIMIZE SOYBEAN ALLOCATION

In this work, we use a MOEA to perform a multi-objective optimization of geographical allocation of soybean.
Given a map of a large-scale territory, here EU’s croplands, divided into cells with a spatial grid, a candidate
solution represents the amount of land allocated to soybean in each grid cell. The objectives include: (1) maximizing
the average production over a given time period; (2) minimizing the between-year production variability; and (3)
minimizing the total amount of land allocated to soybean in Europe (to allow for other land uses). As all objective
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functions require predictions of soybean yields for all grid cells, we employ a machine learning model trained on
historical data to provide time series of yield forecast in each grid cell.

3.1 Machine learning forecast of yield

Using the random forest [Breiman 2001] model developed in [Chen et al. 2024a], we make projections of soybean
productivity in Europe based on climate conditions and irrigation practices. The choice of the model was guided
by previous works, comparing various machine learning and statistical models [Guilpart et al. 2022], exploiting
different ways to aggregate climate features to predict soybean productivity [Chen et al. 2024a]. Readers can refer
to [Chen et al. 2024a], which presents the full procedure applied for data pre-processing, model development,
training, and evaluation.

Briefly, the model is trained on historical soybean yield gridded data of resolution of 0.5° and covering period
from 1981 to 2016 [lizumi and Sakai 2020] on grid-cells (hereafter referred to as “sites”) located in the EU. The
low number of sites available for this region (N=26) leads us to also include sites located in major soybean
producing areas, including Argentina (N=283), Brazil (N=424), Canada (N=28), China (N=994), India (N=199), and
United-States of America (N=830). To improve model prediction accuracy, additional sites located in geographical
areas unsuitable for crop production, characterized by climate deemed inappropriate for soybean cultivation
such as desert and artic areas, are included in the training dataset. These zero-yield sites are randomly drawn
from six zones identified as environmentally improper for any crop production based on the Képpen-Geiger
climate classification [Kottek et al. 2006]. The selection process is designed to ensure a balanced distribution of
sites across climate zones. The number of zero-yield sites is determined so that they represented 20% of the full
training dataset. In total, 3, 447 sites constitute the training data (Figure 1).

Before training, yield data are detrended in each site using splines to avoid any confusion with technological
progress due to improved cultivars and technological progress. Using the ERA5-Land database [Mufioz-Sabater
et al. 2021], we derive monthly averages of six climate variables for each combination of site and year (hereafter
referred to as “site-year”). The variables considered in this study are: minimum and maximum temperatures
(both in°C), precipitation (in mm), solar radiation (in M]), reference evapotranspiration (mm/day), and vapor
pressure deficit (kPA) during soybean growing season. Growing season of soybean is defined country-by-country
according to the crop calendars provided by the Agricultural Market Information System.

Several models based on climate predictors are tested: a random forest model including monthly averages of
climate data (avg.m), a random forest model based on seasonal averages (i.e., average over the whole growing
season of soybean) (avg.s), two random forest models using two (pca.m.2) or three (pca.m.3) principal components
as inputs, where the principal components captured the variation in monthly averages of climate data. Each
model also includes irrigation fraction (in %) as a predictor.

For each model, performance in predicting annual soybean yield from climate and irrigation predictors is
assessed using two metrics. The first metric is the Root of the Mean Squared Error (RMSE, in t/ha), computed as:

X Y
1
RMSE = ﬂ XZ Z (ny - Oxy)2 3)

1 y=1

where p,, and oy, represent the predicted and observed yields in the grid-cell x and the year y, respectively.
X and Y are the total number of grid-cells and years, respectively. The lower the RMSE, the lower the difference
between predictions and observations, which corresponds to a better performance of the model.

ACM Trans. Evol. Learn. Optim.
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The second performance metric used is the R? (unitless), computed as:

X Y
2 (ny - Oxy)2
x=1y=1

R=1-—— (4)
> Z(oxy_é)z

x=1y=1

where 6 is the mean value of observed yield over all years y and grid-cells x.

For R?, a value of 1.0 corresponds to a perfect match of predictions to observed data, a value of 0.0 indicates
that predictions are as accurate as the mean of observed data. In contrast, a value of R? lower than 0.0 occurs
when the observed mean is a better predictor than the tested model.

R? and RMSE are computed for each model following two separate cross-validation procedures:

e a year-by-year cross-validation is performed, to assess model capability in predicting yields in a new year,
which is not included in the training dataset (temporal extrapolation).

e a group-wise cross-validation is employed, wherein 10 groups of randomly selected sites were used to
evaluate the model ability to forecast yields in novel geographic regions not encompassed within the
training dataset (spatial extrapolation).

The R package terra! is used for raster data manipulation. The yield model training and testing are implemented
with the R package randomForest?. The code used for model’s development and assessment is freely available
on the GitHub repository: https://github.com/MathildeChen/SOYBEAN_PRED_COMP.

Cross-validation results
group-by-group
of sites
R? RMSE | R? RMSE R | RMSE

year-by-year average

pcam.3 | 091 0.41 0.94 0.34 092 | 0.38
pcam.2 | 0.92 0.39 0.93 0.36 093 | 0.38
avg.m 0.90 0.44 0.94 0.33 092 | 0.38
avg.s 0.91 0.41 0.90 0.44 091 | 042

Table 1. Performances of random forest models to predict soybean yield using different method to aggregate climate
predictors. Higher values of R? and lower values of root mean square error (RMSE, in t/ha) indicate higher predictive
performance. Details on the cross-validation procedures used to compute R* and RMSE values can be found in the main
text. Abbreviations: pca.m.3: model based on the scores associated with the three first components derived from monthly
averages of climate data; pca.m.2: model based on the scores associated with the two first components derived from monthly
averages of climate data; avg.m: model based on monthly averages of climate data; avg.s: model based on seasonal averages
of climate data. All models also included irrigation fraction as predictor.

Model performances estimated from each cross-validation procedure and the results averaged over both
procedures are presented in Table 1. Values of R? equal or higher than 0.90 highlight good performances of all
tested models. RMSE values are also comparable across models. The model presenting the best performance on
average (i.e., the highest R? and the lowest RMSE values) is the random forest using the scores associated with
the first two principal components (pca.m.2). On average, this model shows a R? of 0.93 and a RMSE of 0.38
tons/hectare.

Ihttps://cran.r-project.org/web/packages/terra/index.html
Zhttps://cran.r-project.org/web/packages/randomForest/index.html
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3.2 Multi-objective optimization framework

3.2.1 Structure of a candidate solution. A candidate solution I in the problem is a vector of continuous values,
each in [0.0, 1.0]:

I= {11,12,...,11\]} (5)

where each value I, represents the fraction of available soil surface allocated to soybean for grid-cell x. It is

important to notice that I, is only the fraction of the maximal surface that can actually be dedicated to soybean
in grid-cell x, so a value of 1.0 does not correspond to the entire surface of the cell.

3.2.2  Fitness functions. We propose to treat the problem as a multi-objective optimization task where the three
objectives considered are (i) maximizing the mean yearly crop production, (ii) minimizing the between-year
production variability (production standard deviation), and (iii) minimizing the total surface allocated to soybean.

We start from a matrix P of crop production projections, where each row corresponds to a grid-cell, and
each column corresponds to a year; thus, P, , contains the crop production projection for grid-cell x and year
y, measured in tons (1 ton = 1,000 kg) of soybean produced. Given a candidate solution I, the corresponding
projected production p, for a specific year y can be defined as:

X
Py = ZIX ’ Px,y (6)
x=1

where I, is the fraction of land surface allocated to the production of soybeans for grid-cell x.
The mean annual production for a candidate solution can then be computed as:
Y

Z Py (7)

y=1

<=

p:

with Y the total number of years considered. As the optimization task will be framed as a minimization problem,
the first fitness function F; will be thus defined as:

Y
Fi(1) =—ﬁ=—%ZZIx-Px,y ®)

y=1 x=1

The second fitness function, to be minimized, is the inter-year standard deviation of the crop production,
defined as:

)

The third fitness function, to be minimized as well, is simply the total surface allocated to soybean in each
candidate solution I, expressed as:

X
Fy(D) = ) L+ S, (10)
x=1

where S is a vector containing the value of the maximum surface available for soybean crops associated to each
grid-cell x, expressed in hectares (ha).

3.2.3 Genetic operators. The genetic operators used in the proposed approach are a classic one-point crossover
and a Gaussian mutation with mean py = 0.0 and standard deviation oy = 0.1. The crossover is applied with
probability pc = 0.8 and the mutation is applied with element-wise probability py; = 0.1. These probabilities are
the default values found in the package used for the experiments [Garrett 2012].

ACM Trans. Evol. Learn. Optim.
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3.2.4  Evolutionary framework. The MOEA employed for the multi-objective optimization is the NSGA-II [Deb
et al. 2002], which still represents the state of the art for multi-objective problems with up to three objectives.
NSGA-II is set with a (p+ 1) replacement scheme, a tournament selection of size 7 = 0.02 - j1, and a stop condition
triggered after a maximum number of function evaluations Ey,ax-.

3.3 Multi-objective optimization with quadratic programming

As all objective functions considered for the target problem are either linear or quadratic, each of them can be
optimized separately in polynomial time, by using efficient, established optimization techniques with guarantees
of finding optimal points. In order to assess the efficiency of the MOEA proposed approach, we devise an ad-hoc
algorithm combining linear and quadratic programming, able to decompose the problem and find provably
non-dominated solutions.

The optimization of crop allocation for minimizing cropland area or maximizing average crop production can be
performed with a linear program. Although the optimization of crop allocation for minimizing the between-year
production standard deviation (o) is not straightforward, the minimization of the between-year production
variance (0%) can be performed with a quadratic program. Since the variance is polynomial and as squaring the
objective does not change the ordering of possible solutions, optimizing ¢ can be done in polynomial time.

There exist algorithms which enumerate all points on the Pareto optimal set of a set of linear optimization
problems [Loéhne and Weifling 2017]. However, no such algorithm exists when the problem is quadratic. In
this context, we design an algorithm based on scalarization, able to optimize linear combinations of our three
objectives (i.e., crop land area, average production, production variance). It attempts to generate a set of points
on the Pareto optimal set with good coverage by identifying areas of the front which are not well covered by the
current set of points and focus on those. The drawback of relying on scalarization is that when the Pareto front is
non-convex, there are regions of the front which it cannot discover, although variations exist that do not have
this problem, such as the augmented Chebyshev scalarization function [Wierzbicki 1982]. In our application, as
the front is indeed convex, scalarization based on a linear combination of the objectives is preferable due to its
simplicity.

In the following, we describe the particular case of three objectives for simplicity, although the algorithm in its
general formulation can be used with an arbitrary number of objectives. We first introduce some notation. Let 7
be a 3-dimensional vector, ||J|| = 1, and let P3(I) be the problem min }};.; 5 v;F;(I). In other words, P(9) is the
scalarization of the multi-objective problem where the weights of the objectives are given by 4. Note that for
linear and quadratic objectives, P;(I) is itself a quadratic problem, hence an I that minimizes it can be computed in
polynomial time. We write optP;(I) for the optimal value and Iz = argoptP;(I) for the minimizer. If we evaluate
each individual objective F; on that minimizer, we get the vector 6(9), i.e., 6(7) = (F;(I3)). Because P;(I) is
tractable and we compute its minimizer I3 exactly, 6(9) is a point on the Pareto front of the three objectives,
otherwise for any solution I’ I, we have by definition }};¢; 3 0;F;(I') < X;¢1 3 0;iF;(I3), a contradiction.

Consider now o; and 3. Let 3’ be any point between 7; and 3y, i.e., for some ¢ € [0, 1], 9" = {01 + (1 —t)J,. Then,
the optimum of Py evaluates between 63 and 65, that is, min(0;(91), 0;(32)) < 0;(v}) < max(0;(71), 0;(d2)) for
i € [1,3]. Moreover, given a set of points {7y, ...,7,} (which does not necessarily correspond to the complete
Pareto front), we say that g; and d; are adjacent if there exists no 0, k € [1,n] \ {i, j} which can be written as
U =ty + (1 —t)d,, t € [0,1].

The algorithm we use is based on the following observation. Given a collection of points y,. .., o,, then
evaluating optP;(1) for o between two adjacent points, say 9y, U, will increase the hypervolume of the front.
When there are two objectives, by the fact that 7; and g, are on the Pareto front, & can not evaluate to better
than both of ; and 0, in either dimension. The most optimistic possibility is that 0;(7) = min(0;(7,), 0;(32)) + €
for some small positive €. Under this optimistic scenario, the increase of the hypervolume of the front is exactly
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Hie[l,z] (max(0;(01), 0;(72)) — (min(o;(d1), 0;(d2)) +€)) = Hie[l,z] (max(0;(31), 0;(32)) —min(o;(71), 0;(32))). We
write OH (91, 9;) for this quantity.

The above observation leads us to a strategy for generating points on the front in two dimensions: start with
the collection of points d; = (1,0),d, = (0, 1). Then, in order to generate a new point from an existing collection,
we pick the pair of adjacent points ;, 7; that maximizes the optimistic estimation for the increase in hypervolume,
evaluate the new point %5} + %5 ;, and iterate until we satisfy a stopping criterion. In our implementation, we stop
when we have generated N,4 points, where N,4 is a parameter.

In the case of more than two objectives, we proceed as follows. We first generate points on the Pareto front of
the first two objectives until a stopping criterion is met. In our implementation the stopping criterion is whether
the number of points is at least Nyeeq, Where N4 is a parameter. At the end of this first step, we get the collection
of two-dimensional points and for each pair of adjacent points 7; = (x,y),7; = (x’,y’), we generate two points
5; = (x,4,0) and 5;. =norm(x’,y’, 1) 3 then proceed to generate points on the front between 51’. and 5}. We extend
our measure of optimistic increase of hypervolume OH to more than two dimensions as follows. Let o, = (x1, Y1, 21)
and U = (x2, Y2, z2). We define OH (71, 7;) as OH over the projections to the second and dimension (in the general
case: to the ith and (i — 1)th dimension), i.e., we define OH ((x1, y1, 21), (x2, Y2, 22)) = OH((y1, 1), (Y2, 22)). We
continue this until a stopping criterion is met, in our implementation until we have generated N,,; points, where
N,y is a parameter.

As we explained earlier, optima of the scalarized problem give non-dominated points, hence points on the
Pareto front. Conversely, it has been shown [Mueller-Gritschneder et al. 2009] that for all three-dimensional points
0 = (x, 1, z), there exist two dimensional points on the two-dimensional Pareto front, o; = (x1,y1), U3 = (X2, y2)
that that o lies between the three dimensional extensions of 7; and 5.

3.3.1  Parameters. When applied to the crop allocation problem, we generate N,y = 500 points for two-
dimensional fronts. For three-dimensional fronts, we generate Ns..q = 30 points on the front of F; and F3
and then, for each adjacent pair of points on that front, we extend to F, and generate N,,; = 30 points between
them. The total number of points generated is 993, taking into account the original points (0, 1) and (1, 0) and
the doubling when we move from two dimensions to three (because each point (x, y) on the two-dimensional
front becomes two points (x, y, 0) and (x,y, 1) on the three dimensional front).

There are two reasons why we start with F; and Fs, both related to efficiency. First, recall that F; and F; are
both linear, so generating the initial N4 points is extremely fast, less than a second in total.

The second reason for using this order has to do with effectiveness of the points generated, i.e., with the
improvement in hypervolume per generated point. Recall that we cannot optimize F, directly but only F2, yet
we compute 0(3) using Fy, Fy, F3. Since the magnitude of all three objectives is similar ¢, squaring F; in the
scalarization approach creates objective functions that heavily favor F,. To see the problem, consider two points
3; = (x,y),7; = (x,y’) on the two-dimensional front. The algorithm extends them to the third dimension, creating
the points 4] = (x,y,0), 5} =norm(x’,y’, 1), which give optimization problems with objectives min xF; + yFs and
min x'Fy +y'Fs + FZ, respectively. It then generates the point 5; = 13/ + %5; =norm((x+x")/2,(y+y’)/2,0.5), and
it computes 6(7;). However, because F; has much larger magnitude than F; and F;, we have that 6(5;) = o(d%),
i.e., it makes little difference whether its weight is 1 or 0.5. As a result, OH (7y, z_)’;) ~ 0 and OH(94,0;) = OH (4, 5;)
This remains the case for a few more iterations until the weight of F; has been reduced sufficiently to compensate
for the difference in magnitude. The result of this in the Pareto front generated is that some of the N,,; points
generated at each iteration of the algorithm on three dimensions are not very informative.

3We write norm (%) for the function that normalizes 3 to length 1, i.e., norm(3) = H%II

4This is a property of the specific objective functions we use, not an inherent algorithmic property.
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Despite this pathological behavior, we found in preliminary experiments that the algorithm generates a good
coverage of the front. We can, however, do better by accounting for this effect. Specifically, when extending
two-dimensional pairs of points ¥; = (x,y),d; = (x’,y’) to three dimensions, we use 0.1 as the initial weight of
FZ, hence we extend them to 7] = (x,y,0), 5;. = norm(x’,y’,0.1). This has the effect of essentially skipping a few
of the unproductive steps described above and makes the algorithm have similar behavior as if we had set N,y
higher. It remains future work to find a method which automatically adjusts for large differences in magnitude
between different objectives.

4 RESULTS OF THE OPTIMIZATION

The geographical area considered for the allocation of soybean corresponds to the 27 Members States of the
EU (EU27). Following previous studies, the territory is divided into 0.5° grid-cells, for a total of 3, 509 grid-cells.
From the climate data reported in each grid-cell from 2000 to 2023, we compute soybean yield projections using
the pca.m.2 machine learning model trained on historical data as explained above. These projections are used
in the MOEA to optimize the allocation of soybean cultivation to maximize average production, to minimize
between-year variability of production as well as the total surface allocated over in the 3,509 grid-cells. Panels a.
and b. of Figure 2 shows the mean and standard deviation, respectively, of projected yields in the EU27.

Average production (tons) Standard deviation of production (tons) Max. surface allocated (hectares)
S B — B e —
2000 4000 6000 500 1000 500 1000 1500 2000

Fig. 2. Average values of projected soybean yields (panel a., on the left), between-year standard deviation of projected
soybean yields (panel b., in the center), and maximum area that could be allocated to soybean (panel c., on the right) for each
grid-cell in the 27 Member States of the European Union between 2000 and 2023. Soybean yield projections in each grid-cell
are estimated by a random forest model trained on historical soybean yield data and including climate and irrigation fraction
as predictors.
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We make the hypothesis that the land allocated to soybean would be restricted in Europe, given that cropland
is already used to grow other major crops such as maize or wheat. In addition, soybean cannot be grown in place
of natural areas (e.g. permanent pastures), in line with the Common Agricultural Policy of the European Union
aiming at their protection. Thus, we constrain the area allocated to soybean in each grid-cell to be lower than the
minimum value between (i) 5% of the total grid-cell area and (ii) 20% of the available cropland of each grid-cell.
The threshold of 20% was selected to simulate a crop sequence where soybean is grown every five years. The
resulting maximum soybean areas are presented in panel c. of Figure 2.

We compare six optimization settings, according to the set of optimization criteria considered (i.e., average
production and surface; average production and variance; average production, variance, and surface) and the
optimization approach used (NSGA-II or quadratic programming). In addition, we estimate the hypervolume of
the final non-dominated fronts in each setting to ease the comparison between algorithms. The values of the
hypervolumes are computed on normalized values for each objective, considering the highest and lowest values
obtained for each objective between the two algorithms. Computations of the hypervolumes are implemented in
Python, using the pymoo [Blank and Deb 2020] library®.

After few preliminary runs, the MOEA is set with hyperparameters values of 4 = 1,000, A = 2,000, and
Epmax = 10° for all experimental runs. MOEA is implemented in Python, using the inspyred [Garrett 2012] library
for the evolutionary engine. The quadratic programming algorithm used as a comparison is implemented in
C++, using IBM CPLEX version 12.7 to optimize the scalarized problems. All experiments are run on a 72-core
Intel(R) Xeon(R) w9-3475X server with 128GB of RAM. In the following, we focus on comparing the quality of
the fronts generated by the two algorithms rather than computational efficiency. The reason is that efficiency is
hard to compare due to the differences in performance between the different programming languages employed
in the study. A whole run of NSGA-II with the aforementioned hyperparameters lasts approximately 48 hours
to ultimately return a non-dominated set of 1,000 candidate solutions. Obtaining the same number of solutions
using the quadratic programming algorithm takes about 2 hours (obtaining one provably non-dominated point
using quadratic programming takes about 7 seconds). Since in this particular case all objective functions are
either linear or quadratic, the quadratic programming algorithm will always be more efficient.

The data and the code necessary to reproduce the experiments are freely available on the GitHub repository:
https://github.com/albertotonda/optimization-crop-allocation.

4.1 Regular conditions

The final non-dominated fronts found by the six optimization settings are displayed in Figure 3. Plots on the
left panel represent the non-dominated fronts for both optimization approaches, for comparison. Plots in the
middle and right panels display the same fronts, but separately for NSGA-II and quadratic programming. For
each setting, a candidate solution of the multi-objective optimization problem is represented by an array of 3, 509
floating point values, representing the percentage of land allocated to soybean for each cell in the grid. Each
candidate solution was characterized by the total surface allocated to soybean, the average and the between-year
standard deviation (measuring the inter-annual variability) of soybean production over 2000 — 2023 period in the
EU27 (Table 2).

As shown in the panels a and b of Figure 3, the non-dominated front identified by the NSGA-II approach is
similar to the one identified through quadratic programming when optimization is performed on production and
either surface or between-year variability. In these experiments, the hypervolume of the NSGA-II front is 2 and
1% lower compared to the front found by quadratic programming, respectively. More differences are observed
when the three objectives are simultaneously optimized (panel c of Figure 3). In that case, the candidate solutions
identified by the quadratic programming are more spread out compared to those found by the NSGA-II approach.

SPymoo, multi-objective optimization in Python, https://pymoo.org/
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The hypervolume of the front found by quadratic programming is 10% higher compared to the one obtained with
NSGA-II, possibly indicating issues with hyperparameter settings.

Among all candidate solutions, the average soybean production ranges from 0.00 to 9.48 Mt, with a mean of
5.55 Mt. This result shows that none of the candidate solution generate enough soybean production to satisfy
100% of the needs of EU27 in soybean (i.e. 36.3 Mt on average between 2018 and 2022, according to FAOSTATS
data [FAOSTAT et al. 2024]). The share of candidates solutions yielding to at least 5.81 Mt of soybean in average
(i.e., corresponding to the 16% self-sufficiency rate covered in the EU27 in 2021 [EFSCM 2023]) varies from 15% to
61% depending on the optimized criteria and approach. Among all candidate solutions, the between-year standard
deviation ranges between 0.00 and 0.46 Mt and is on average equal to 0.22 Mt. Minimum and maximum surface
allocated to soybean are 0.00 and 4.416 Mha, respectively. On average over all solutions, 2.21 Mha are allocated to
soybean crops. It is interesting to note that the frequency of candidates solutions with the total surface allocated
to soybean higher than the current total soybean area in the EU (i.e., 1 Mha on average between 2018 and 2022,
according to FAOSTATS data [FAOSTAT et al. 2024]) varies from 42% to 88% depending on the optimization
settings.

The candidate solutions identified by NSGA-II and quadratic programming show significant differences when
the optimization is conducted on average production and soybean surface only or on the three objectives
simultaneously (p-value estimated using Student’s t-test on differences in average production, standard deviation,
or total soybean surface between NSGA-II and quadratic programming <0.001). On the contrary, the candidate
solutions for NSGA-II are non-significantly different, in terms of average production, standard deviation, and
soybean surface, to those identified by the quadratic programming in the two-objective setting based on production
and standard deviation (p>0.05).

In each of the six optimization settings, standard deviation of production and total allocated surface tend to be
both higher in the solutions presenting the highest mean production. On the reverse, mean production tends to
decrease in candidate solutions that are more stable (i.e. with lower between-year standard deviation) and with
lower total allocated surface.

Average production Between-year Total surface

(Mt) variability (Mt) allocated (Mha)
Quadratic Quadratic Quadratic
NSGA-II program NSGA-IT program NSGA-IT program
-ming -ming -ming

Among
all simulations

5.279 (2.757)
[0.000 - 9.478]

5.372 (3.166)
[0.000 - 9.478]

0.210 (0.134)
[0.000 - 0.456]

0.256 (0.160)
[0.000 - 0.460]

2.220 (1.265)
[0.000 - 4.416]

2.177 (1.446)
[0.000 - 4.416]

optimization on

Average production
and surface

5.171 (2.815)
[0.001 - 9.477]

6.329 (2.901)
[0.000 - 9.478]

0.257 (0.137)
[0.000 - 0.456]

0.316 (0.140)
[0.000 - 0.460]

2.023 (1.248)
[0.000 - 4.415]

2.575 (1.384)
[0.000 - 4.416]

Average production

5.658 (2.619)

5.554 (2.698)

0.192 (0.136)

0.185 (0.137)

2.622 (1.172)

2.577 (1.196)

and [0.080 - 9.477] | [0.033 - 9.478] | [0.000 - 0.455] | [0.000 - 0.455] | [0.040 - 4.416] | [0.023 - 4.416]
variability
A ducti

verage proquction, | 5505 (2.766) | 2.817 (2.425) | 0.204(0.131) | 0.113(0.110) | 2.179(1.270) | 1.049 (0.984)
variability,

and surface

[0.000 - 9.478]

[0.000 - 9.478]

[0.000 - 0.455]

[0.000 - 0.458]

[0.000 - 4.416]

[0.000 - 4.416]

Table 2. Soybean average productions, between-year standard deviations (between-year variability), and allocated surfaces
of the candidate solutions constituting the final non-dominated fronts found by the six optimization settings. Data are mean
(standard deviation) and [minimum - maximum] values.
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Fig. 3. Final non-dominated fronts, according to the optimized criteria and the optimization approach. Plots on the left panel
represent the fronts non-dominated for both optimization approaches. Plots in the middle and right panels display the same
fronts, but separately for NSGA-1l and quadratic programming. For the panels a. and b., candidate solutions in the front are
presented as a 2D projection in the space of the two objectives. In panel c., the color of the candidate solutions additionally
describes the third objective (surface). Mean and standard deviation of production are expressed in Megatons (Mt, i.e. 10
tons), and total surface per 10° ha (Mha). For each individual front, the hypervolume computed on normalized values for
each objective, (i.e., considering the highest and lowest value obtained for each objective between the two algorithms) is
presented in a label in the right-bottom corner. The four contrasting scenarios detailed in this article are identified as colored
diamonds.
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4.2 Analysis of selected soybean allocations in the EU27

Among all candidate solutions, four relevant contrasting scenarios were identified: (1) the solution yielding
to the highest average production, but also to the lowest production stability (“Scenario A - High production,
high risk”), (2) the solution showing the highest stability (lowest standard deviation) among solutions with
average production covering at least 16% of soybean needs of the EU27 (this self-sufficiency rate corresponds
to 5.81 Mt of soybean, according to FAOSTATS data [FAOSTAT et al. 2024], “Scenario B - Production covering
16% EU needs”), (3) the solution presenting the highest average production and a median standard deviation of
production (“Scenario C - Median variability”), (4) the solution characterized by a total allocated area equivalent
to current surfaces in the EU (i.e., 1 Mha based on FAOSTATS data [FAOSTAT et al. 2024]) and with highest
average production and stability (“Scenario D - Current surface”).

Each scenario is represented on the final non-dominant front as colored diamonds (Figure 3). Average production,
variability (standard deviation), and allocated surface of the candidates solution corresponding to each optimization
setting are presented in the Table 3. The spatial allocations of soybean in the EU27 corresponding to the four
scenarios are presented in Figures 4, 5, 6, and 7.

Average production (Mt) | Standard deviation (Mt) Total surface (Mha)
Scenario | OPmized | noq gy | Quadratic | g, gy | Quadntic | ggq, gy | Quadratic
criteria programming programming programming
PS 9.477221 9.47809 0.45519966 0.45519173 4.414558 4.4160737
A PV 9.477462 9.47809 0.45511268 0.45519173 4.4156933 4.4160737
PVS 9.47809 9.47809 0.45519173 0.45519173 4.4160737 4.4160737
PS 5.810658 5.811706 0.29225767 0.30078274 2.1516086 2.1132721
B PV 5.817176 5.823068 0.16829714 0.16429107 2.6735434 2.6734359
PVS 5.809639 5.815237 0.21265622 0.29126955 2.3323299 2.115791
PS 5.39488 7.081144 0.27164508 0.35864661 1.9776238 2.6837497
C PV 5.961742 5.88473 0.17609441 0.16757476 2.7342476 2.6995271
PVS 5.489298 3.747736 0.19330679 0.07934193 2.2111077 1.6119288
PS 2.919167 2.999042 0.14928436 0.15322764 0.99809 0.9989066
D PV 1.974349 1.860643 0.02290593 0.01618338 0.9990555 0.9768853
PVS 2.682715 2.982066 0.08304864 0.15236099 0.9951798 0.9926413

Table 3. Solutions in each optimization setting for four contrasting scenarios: Scenario A - High production, high risk; Scenario
B - Production covering 16% EU27 needs; Scenario C - Median variability; Scenario D - Current soybean surface. Abbreviations:
PS: average production and surface; PV: average production and variability; PVS: average production, variability, and surface.

4.2.1 Scenario A - High production, high risk. This scenario is characterised by values of average production,
between-year standard deviation of production, and total allocated surface of 9.48 Mt, 0.46 Mt, and 4.42 Mha,
respectively. The surface allocated to soybean in this scenario covers a big share of the European territory,
from North-East of Spain to South of Scandinavian countries (Figure 4). Here, the allocation are driven by both
maximum available areas for soybean (Figure 2c) and the potential average soybean yields. [Guilpart et al. 2022]
aimed also to produce cropland distributions maximizing production. However, their approach was different
and did not rely on a formal optimization technique. Instead, their cropland distributions were obtained simply
by allocating soybeans to grid cells showing the highest average soybean yields in Europe without considering
cropping areas. In [Guilpart et al. 2022], soybeans were thus mainly allocated to a broad band covering the central
part of Europe, from West to East, i.e. Northern Spain, Central and Southern France, Northern Italy, and the
Balkan regions. These regions correspond to those with the highest average yields in Europe according to Figure 2
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(panel a). Here, in Figure 4, soybean is allocated to regions with high average yields, but also to regions with large
cultivated areas, located in southern Europe (Figure 2, panel c). Since large cultivated areas can compensate for
lower yields, it is logical to allocate soybeans to grid cells with large cultivated areas, even if these grid cells have
slightly lower yield values. This explains why our cropland distributions are not identical to those of [Guilpart
et al. 2022].

4.2.2  Scenario B - Production covering 16% EU27 needs. For this scenario, all candidates solutions yield to at least
5.81 Mt of soybean in average, but they have different levels of variability and allocated surface, depending on
the optimized criteria and optimization approach.

When performing the optimization on production and surface (“PS” setting in Table 3), the quadratic program-
ming leads to a solution with higher variability compared to the one found through NSGA-II (0.301 and 0.292 Mt,
respectively), but with lowest surface (2.113 and 2.152 Mha, respectively). When performing the optimization on
average production and variability (“PV” setting), both solutions present similar allocated surface but slightly
different average productivity levels (5.817 and 5.823 Mt for NSGA-II and quadratic programming, respectively).
Finally, when the three objectives are considered (“PVS” setting), the solution found by NSGA-II shows, compared
to the one identified by quadratic programming, a lower variability (0.213 and 0.291 Mt, respectively) but higher
allocated surface (2.332 and 2.116 Mha, respectively), for equivalent levels of average productivity (5.810 and
5.815 Mt, respectively).

For scenario B, the geographical allocation corresponding to each solution mentioned above are presented
in Figure 5. For all optimization settings, soybean is preferably allocated in the areas with higher soybean
productivity, such as Italy, South-Western France, Romania, and Northern Greece (Figure 2a). Once these areas
are saturated with soybean, the crop is allocated to other regions depending on the optimization criteria and the
optimization method.

For example, when the optimization is performed on average production and variability, solutions found by
both NSGA-II and quadratic programming allocated higher surfaces to soybean in a area spanning from Northern
Spain to Romania and from Greece to Southern Germany. The solution identified by NSGA-II additionally
allocated soybean in Sardinia, North-Western France, North-Eastern Germany, Poland, Latvia, and Lithuania. By
comparison, geographical allocations of soybean based on the optimization of average production and variability
expand to Southern Spain, Ireland, and Scandinavian countries because these regions are characterized by more
stable production. Finally, the geographical allocation based on the three criteria and using the NSGA-II algorithm
is a mix between previously mentioned settings, but with more area allocated in Southern Europe and less in
Northern Europe. Quadratic programming found similar candidate solution when allocating soybean crops by
simultaneously optimizing average production and surface or by simultaneously optimizing average production,
variability, and surface.

4.2.3 Scenario C - Median variability. In scenario C, the solutions identified by NSGA-II and quadratic program-
ming show contrasting levels of average production, variability, and surface.

Similarly to scenario B, the solutions found by optimization on average production and surface for the scenario
C is concentrated in the South-West and North-East of France, Italy, Greece, Belgium, Central Europe until East
of Poland. Like in previous scenario, the allocated area is more concentrated when the optimization is performed
on surface and average production (first line of Figure 6) or when using quadratic programming compared to
NSGA-IL

4.2.4 Scenario D - Current surface. In the scenario corresponding to current total area cultivated with soybean,

i.e. roughly 1.0 Mha, the average production would be reduced and concentrated mainly in Italy and Central
Europe, as well as Southern Germany, with lower areas allocated to soybean in the rest of Europe (Figure 7). In
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variability and surface
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Fig. 4. Geographical allocation of soybean in Europe in the scenario A (high productivity, high risk), according to the

optimization setting.
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Fig. 5. Geographical allocation of soybean in Europe in the scenario B (production covering 16% of EU27’s needs in soybean),
according to the optimization setting.
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Fig. 6. Geographical allocation of soybean in Europe in the scenario C (median variability), according to the optimization

setting.
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this scenario, average production is halved compared to scenario C, but variability is reduced (Table 3). Patterns
of geographical allocation are similar between the different types of optimization.

5 CONCLUSION AND FUTURE WORK

Expanding on the preliminary results previously reported in [Chen et al. 2024c; Guilpart et al. 2022], this work
presents a multi-objective optimization approach to the problem of allocating a crop among thousands of sites
located in a large area, aiming at simultaneously maximizing annual average production and stability, while
minimizing the area allocated to the crop. The case study presented here concerns the allocation of soybean, a
major crop for protein supply, over the European continent. We use a high-resolution grid, a machine learning
model to predict annual yield for each site-year, and an established MOEA to generate a non-dominated set of
candidate solutions. In order to assess its efficiency, the MOEA is tested against an ad-hoc quadratic optimization
algorithm able to deliver non-dominated points with a guarantee of optimal results. An analysis of the Pareto
fronts allowed us to identify contrasting and relevant crop allocation scenarios.

The comparison between MOEA and quadratic optimization leads to interesting results. The relatively simple
scalarization approach matches the performance of NGSA-II with two objectives and is even better when
considering three objectives, at least in terms of diversity of the front. This is not unexpected, given that the
underlying objectives are tractable. However, even though quadratic optimization is in polynomial time, its
scalability remains an open question, especially because the number of points that must be generated to achieve
good coverage of the front increases exponentially with the number of objectives to optimise. This suggests that
tackling an expanded geographical region with multiple species of crops may require several days of computation.
However, our results show that it is useful to take advantage of tractable optimization problems when this is
possible.

In the present study, soybean production is allocated based on three objectives (i.e., crop annual productivity,
stability, and surface), all following a quadratic function (Figure 3). In the future, the optimization framework
proposed here could be enhanced by incorporating additional optimization criteria related to environmental and
economic factors, such as price and agronomic inputs. To effectively interpret the results, optimizing more than
three criteria would require more advanced visualization methods.

Future research could focus on the simultaneous allocation of multiple crop species to propose scenarios
for more diversified agronomic systems. Crop diversification, which involves increasing the spatial and tem-
poral diversity of crops, can help preserve biodiversity, minimize topsoil erosion, and even enhance overall
production [Beillouin et al. 2021]. For example, intercropping maize and soybean in the same field is suggested
as a promising strategy to improve soybean self-sufficiency in the EU27 while maintaining domestic maize
production [Chen et al. 2024b]. Additionally, further work is needed to determine if the approach developed here
for soybean can be transferred to other crops. In the context of maize-soybean intercropping, it might be possible
to derive the non-dominated front for maize from the front obtained for soybean. However, this approach could
introduce bias in the optimization by ignoring optimal solutions that are more distant from the initial front. A
specific optimization would thus probably be relevant in this case.

Multi-objective optimization is an promising tool to explore scenarios of crop allocation which are robust
to different climate scenarios. Indeed, one solution could be optimal in current climate conditions, but not
anymore in future conditions due to climate change. It will be thus useful to compare the solutions obtained when
optimizing crop allocation in different climate scenarios [Guilpart et al. 2022]. Alternatively, it would be possible
to consider the difference between current and future optima as a fourth criterion to optimize. This would allow
us to find future crop allocations that are not too different from current crop allocations. In the context of climate
change, it could also be interesting to consider the potential application of dynamic optimization, where the
objective function evolves over time. This approach could provide a more realistic representation of the system
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Fig. 7. Geographical allocation of soybean in Europe in the scenario D (current surfaces), according to the optimization

setting
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by accounting for temporal variations of climate. However, the feasibility of implementing dynamic optimization
in our specific situation needs to be carefully evaluated. Additionally, it will be crucial to conduct a sensitivity
analysis to understand the robustness of the optimal solutions under future climates. By altering the objective
function, one can determine whether the current solution remains optimal and assess the magnitude of changes
required to either maintain or shift the optimal solution. This analysis would offer valuable insights into the
robustness of our optimization framework under varying climate conditions.
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