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Abstract: As a large proportion of land is managed by professional family farms, agent-based models
are of interest for simulating agricultural land use. This requires a deep understanding of the farm
characteristics that influence land use decisions. We developed a methodology to identify a data-
driven farm typology by combining participatory methods, multivariate statistical modeling and
spatiotemporal parcel-based land cover analysis between 2000 and 2020. A formal questionnaire
provided data on the farm characteristics, which were subjected to principal component analysis
and k-means clustering. The resulting data-driven typology complemented a production-based
approach to understanding land use decisions. The main influencing factors were farm size, share
of private land, dominant crops and participation in European schemes such as NATURA2000 and
agri-environment-climate measures. Overall, family tradition and a high return on investment were
the most important motivations for maintaining current land use practices, while a higher income,
income support and diversification were the most important reasons for pursuing new land use
options. Differences between the farm characteristics highlighted the importance of the motivations
for land use decisions between the farm types. This methodology can be used to generate data-driven
typologies suitable for implementing agent-based models to explore sustainable land management
options in a changing environment.

Keywords: farm typology; land use; land cover change; farming system; crop rotation; multivariate analysis

1. Introduction

Agriculture’s main challenge for the coming decades will be to reconcile the production
of sufficient food and fibre for a growing population and, at the same time, protect and
promote the environmental integrity of local landscapes and the global environment in a
changing climate [1,2]. Europe’s farmers no longer derive their income solely from food
production; they also play an essential role in environmental stewardship in a changing
climate [3–6]. The Common Agricultural Policy (CAP) has moved from price support
to producer support, increasingly paying farmers directly for delivered services such as
environmentally respectful farming as outlined in the European Green Deal [7]. Support
has shifted from unconditional payments for agricultural production to incentives for rural
development and environmental stewardship [8]. Subsidies are justified to support public
benefits such as maintaining the landscape, looking after the environment, maintaining
animal welfare, guaranteeing food security and quality, reducing rural poverty through
innovation and combating climate change [7]. A focus on landscape quality beyond the
current focus on specific greening measures may leverage attention to cultural landscapes
in the CAP [9].

The agriculture sector has experienced a paradigm shift towards providing more
public services and underlying sustainable practices or input technologies. Despite many
adjustments to the European agricultural policy, production intensification in some regions
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and land abandonment in other parts of Europe remain the major threats to the functioning
of agro-ecosystems, impacting the state of soil, water and air and reducing biodiversity
in agricultural landscapes [10]. The targeting of environmental policies requires a farm
typology adapted to the specific needs, as demonstrated for the farmland management-
environment nexus [11], ecological farming [12], cattle and fodder production [13], natural
resource management [14] and nutrient management [15]. The emphasis of the European
farm typology has been on economic productivity following the farm accountancy data
network [16] and reflects the old rationale of the CAP which was born, in part, out of a
wish to boost food production. The gradual transition towards environmental services is a
compelling reason for rethinking farm typologies that are more in tune with the broader
goals that the sector is aiming for nowadays.

Policies, strategies, programmes and projects that are related to environmental resource
management and ecosystem services in rural areas [14,15,17] benefit from understanding
the diversity and complexity of agricultural land use and spatial differentiation [18,19],
which in turn enables the development of research and planning tools such as agent-based
models. These computational models are used to simulate the behaviour and interactions
of individual agents within a given environment [20]. In the context of agricultural land
use, agents represent farmers who make land use decisions that enable, for example, spatial
targeting of greening measures [19]. Agricultural land use is a complex and dynamic
process that is situated at the intersection of various functions of farming and the physical
environment [21,22]. Arable crops are mostly grown in rotations where successive crops
are of different species. Crop rotations were originally developed centuries ago to conserve
and maintain soil nutrients. Clovers and other legumes were included to add nitrogen to
the soil [23]. Today, the main reason for rotating crops is control of pests and weeds, as
changing the crop species limits the opportunities for specific pest and weed populations
to develop [24]. For example, potato cyst nematode populations are controlled by allowing
potatoes only once in 3 years since 1987 and once in 4 years since 2011 in an arable crop
rotation, which is in line with evidence-based research [25]. Establishing crops such as
winter cereals or winter oilseed rape in autumn will help manage nutrients and minimise
the risk of nitrogen loss by leaching [26].

Agricultural agent-based models rely heavily on understanding the characteristics of
farms in relation to farmers’ decision making [18,20]. Farm typology and agricultural land
use decisions are interconnected in the context of understanding the complex dynamics of
agricultural systems and land use patterns [19]. This study aims to develop a methodology
to identify a data-driven farm typology for agricultural land use and decision analysis.
The analysis was performed by comparing the proposed typologies of farms with spatial
models and crop rotations using multi-annual parcel geodatabases. The methodology was
developed using the Dijle catchment in central Belgium, which is particularly suitable
as a test area due to its diversity in farms and agricultural land use. The methodology
comprises consultative participatory methods such as farm interviews, the administration
of a formal questionnaire, multi-annual land cover analysis of agricultural land parcel
information, analysis of crop rotations and multivariate statistical modelling. The results
of this study are in support of agent-based modelling for enhanced agricultural land use
decision making.

2. Materials and Methods
2.1. Literature Review of Farm Typologies

Previous literature reviews have consistently highlighted the variety of methodologies
and variables used to develop farm typologies [11,27,28]. These choices are frequently
dependent on local circumstances, farm characteristics and targeted policies. There has
been considerable variation in the range of farm typology studies, particularly those
concerning agricultural land use and environments, in terms of their settings, purposes
and methodologies (Table 1). This consistency of farm typology reviews supports the
crucial function that farm types have in clarifying the complex processes behind agricultural
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land use decisions and their resulting environmental effects. Closely related are farmer
typology studies, which categorise farmers based on individual characteristics, identities
and behaviours. These studies provide clarification regarding the adoption of practices
such as soil and water conservation [29], ecosystem service provision [17], ecological
farming [30] and the European Green Deal measures [31]. In addition, farming system
typologies provide a structured framework, based on socioeconomic factors, resource use
and production methods for understanding and analysing the diversity of farming systems
and for targeting recommendations [32–34].

Table 1. Selection of farm typology studies related to agricultural land use and environment.

Region Setting Purpose Data Collection Typology Method References

Global
Farmland

management-environment
nexus

Review Literature Farmer-led versus policy-driven [11]

Global Land degradation Review Literature Land tenure [28]
Europe Agri-environmental policy Review Literature Recurring farm types [27]

Europe Environmental policy Environmental
concerns FADN, FSS Farm production intensity [35]

Europe Ecological farming Environmental
concerns FADN Scoring practices [12]

Europe Small-scale farming Food security Farmers’ interviews Multivariate analysis [36,37]
Europe Cattle and fodder production Diversity analysis FSS Multivariate analysis [13]

Europe Landscape patterns Management
intensity Geodata Expert-based versus data-driven [38]

Australia Natural resources management Monitoring policies Landholder
management Expert rules [14]

Ireland Nutrient management Environmental
concerns Farmers’ interviews Regression analysis [15]

Sweden CAP greening Biodiversity FADN, FSS Economic-ecological models [19]

FADN = farm accountancy data network, FSS = farm structure survey, CAP = common agricultural policy.

2.2. Research Methodology

A comprehensive research methodology was developed to create a robust data-driven
farm typology in support of agricultural land use decision making. Farm characteristics
were derived from a farm questionnaire and related to multi-annual parcel-based land cover
analysis to identify farm typologies (Figure 1). Multivariate statistical methods were used
to establish a data-driven farm typology, which was compared with a farm typology based
on economic production activities. The methodology was tested on the Dijle catchment in
central Belgium.

Figure 1. Methodology to identify agricultural land use decision making.
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2.3. Farm Questionnaire

A questionnaire was sent to all 1171 farmers with agricultural parcels in the study
area (i.e., 574 in Vlaams-Brabant and 597 in Brabant-Wallon) [39]. The questionnaire was
pilot tested with 10 farmers not belonging to the study population (5 in each region)
using a face-to-face interview format. The purpose was to ensure readability, clarity
and acceptability of the questions. For both regions, the mailing (in Dutch or French)
included an introductory letter, an anonymous questionnaire and a prepaid envelope
for returning the completed questionnaire. After a few weeks, a reminder was sent to
non-respondents. A total of 237 completed questionnaires were returned and digitally
processed, giving a response rate of 20.24%. Our analysis required that all parts of the
questionnaire were filled and that the farmers had more than one parcel or more than 2 ha
of their total area located in the Dijle catchment, which was the case for 219 respondents,
giving a response rate of 21.99%. The questionnaire included farm characteristics, land
use decisions related to cropping and livestock systems, decisions related to participation
in agri-environment-climate measures and farmers’ personal data [39]. The questions
were predominantly multiple-choice, augmented with open-ended options and ranking
exercises. The farm characteristics included questions about farm size, ownership and
on-farm and off-farm activities. Land use and cover included questions on arable land,
livestock, farm management and intensity. Land use and cover decisions were elicited
by using multiple-choice questions, where the farmers were asked to rank the three most
important motivations for engaging in their current land use and cover or for changing to a
new type of land use and cover. The list of motivations was derived from previous research
in the region that was focused on farmers’ decision criteria and motivations [39]. The
descriptive statistics were calculated with R [40], and the lower, median and upper quartiles
of the sample were reported. The environmental farm indicators were the number of agri-
environment-climate measures participated in, the farm intensity which was reported per
farm activity (crop and livestock) weighted for the farm, the number of inputs such as
manure, fertiliser, agri-chemicals and concentrated feed divided by the number of crops
and the number of environmentally friendly practices, such as green manure crops, rotation,
zero tillage and direct seeding, divided by farm activities.

2.4. Farm Typology

Agricultural holdings can be classified according to different methods. The Belgian
government characterises farm types on the basis of economic statistics [41]. The main
criterion for classifying farms into different types is the relative distribution of the farm
income from different production sources (field crops, dairy cattle, etc.). According to this
economic typology, the main farm types in the region are arable farming, horticulture,
permanent crops (fruit), cattle farming, pig farming and mixed farming (arable farming
+ cattle farming). The level of economic income, as documented in the farm accountancy
data network (FADN) for Belgium, generally leads to a further classification into small,
medium and commercial farms depending on the calculated standard gross margin (prior
to 2010) or standard output (from 2010 onward), both of which are used to determine the
economic size of farms. The standard output reflects the value of the agricultural products
at farm gate price [16]. We explored a data-driven farm typology using multivariate
statistics. Our parameterisation and assignment of different groups was based on different
farm characteristics, land use and participation in agri-environment-climate measures.
A 219 × 26 matrix was constructed using R [40], consisting of 26 standardised variables
including farmer age, percentage of employment on the farm, labour on the farm, non-
farm activities, non-farm income, number of farm parcels, percentage of parcels rented or
owned, agricultural area, area per main crop (wheat, maize, potatoes, sugar beet, chicory,
pulses, oilseeds, fruit, vegetables, grass or fallow), animal heads (pigs, horse and cattle),
number of agri-environment-climate measures and parcels subject to environment or nature
conservation legislation. Since many of the variables were correlated, principal component
analysis (PCA) was used to recover a vector space of a lower dimension, onto which
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the original variables were projected, thus revealing the underlying structure of the data.
PCA was performed on the correlation matrix (i.e., all variables were standardised to zero
mean and unit variance). Statistical parameters such as the coordinates and contributions
of variables and cases, component scores and coefficients, eigenvalues and descriptive
statistics helped decide which principal components should be retained to adequately
describe the original data set. The scree plot of the eigenvalues of the correlation matrix
and the component plane plot provided visual support for the classification of variables
and cases, respectively. Two-dimensional plots of the variable vectors in the plane of
the first two principal components showed the contributions of the variables to the first
components and helped decide on the most important contributing characteristics to the
analysis. Non-hierarchical cluster analysis following the k-means algorithm was performed
on the scores of the first set of principal components, which together explained more than
three quarters of the variance in the data set. The Euclidean distance between the group
centroids was used to measure the proximity between groups. The dispersion within
classes, expressed as the sums of the squares of the deviations from the group means,
was minimised through subsequent iterations to arrive at an optimal number of classes.
Records were reassigned until they were located in the group with the nearest centroid.
The resulting clusters were compared with the economic production-based farm typology
and with the results of parcel-based land cover analysis.

2.5. Parcel-Based Land Cover Analysis

We evaluated the results of the questionnaire survey and multivariate statistics with
parcel information from the Land Parcel Identification System (LPIS) databases, which is
part of the Integrated Administration and Control System (IACS), the main administrative
tool for managing farmers’ applications for income support. The LPIS provides spatial
information on the area under the main crops each year [42,43]. LPIS data were available
and merged for the period of 2000–2020. More than 70 codes were used, covering the
main crop groups of winter cereals, spring cereals, sugar beet, maize, potatoes, legumes,
grasses, chicory, vegetables, oilseeds, flax, fruit and trees. The minimum size of a parcel
eligible for farm income support was 0.3 ha and 20 m wide before 2004 and 0.1 ha and 10 m
wide thereafter. Some farmers may have individual parcels in the area but not all of their
holdings. For the statistical analysis of agricultural holdings, farms with only one parcel or
with an agricultural area of less than 2 ha of their total area located in the Dijle catchment
were excluded from further analysis.

2.6. The Dijle Catchment Study Area

The study area comprised 19 municipalities, of which 13 are located in the province
of Vlaams Brabant and 6 are in Brabant Wallon (Figure 2). The area included the Dijle
catchment, located east of Brussels in the Belgian loess belt. The topography consists of a
loess-covered undulating plateau with locally pronounced sandy outcrops ranging between
80 and 165 m above sea level, into which river valleys have been cut [44]. The alluvial
valley system forms green corridors of natural grassland and woodland as part of a unique
ecological network protected under NATURA2000 [45]. Within the study area, forests
together with natural grasslands cover 21% of the area and have an intertwined ecological
and recreational function.

The proximity of the Dijle catchment to Brussels has shaped the landscape with
infrastructure networks and urban sprawl along the roads, forming a linear network that
cuts through the rural open space. Residential areas, urbanisation, infrastructure and
industry cover 35% of the study area. The undulating-to-hilly topography helps absorb
the visual impact of urbanisation. Land use changes have resulted in a highly fragmented
landscape with spatial, rural and environmental disconnects [46].

Agriculture accounts for 43% of the land use and is highly vulnerable to climate change
and adverse weather conditions [47–49]. Grass covers almost a quarter of the agricultural
land in the area. Agricultural land use in the Dijle catchment is influenced by environ-
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mental and ecological concerns. In addition to their regular farming activities, farmers are
committed to maintaining the landscape, improving biodiversity and conserving natural
resources by combating soil erosion and preserving water quality [39]. Arable land with
winter cereal-based crop rotations is located on the loam plateau, while grassland occurs
on the slopes or in the wetter valley bottoms and is used for milk and meat production.
Vegetable growing is attractive on the edges of urban areas.

Figure 2. Location of the study area in Belgium and agricultural land use in 2010.

3. Results
3.1. Agricultural Land Cover in the Dijle Catchment

An analysis of all the agricultural parcels in 2010 (Figure 2) showed that a quarter
of the agricultural area in the Dijle catchment was covered with grass (24.8%), either as
permanent pasture (14.6%), temporary pasture (3.4%) or mixtures of grasses and legumes
(6.8%). The main arable crops were, in decreasing order of area, winter cereals (35.6%),
maize (11.6%), sugar beet (9.8%), potatoes (4.1%), vegetables (2.5%), spring cereals (2.4%),
chicory (1.5%) and oilseeds (1.3%).

A trend analysis was possible for all registered agricultural areas and crops (Figure 3).
The evolution of the surface area of the main arable crops, expressed as a percentage of
the total agricultural area, shows the dominance of winter cereals in the cropping systems.
Since 2000, the area under grassland has increased by 11.4%, which could also be explained
by farmers declaring their pastures in order to comply with the GAEC regulation on
permanent pastures that went into effect in 2005. The area under maize has increased by
75% since 2005. Due to the abolition of the sugar quota in 2017, the area under sugar beet
has decreased by 27%. The area under chicory has declined by almost 27% overall, and
a sharp decrease from 2005 to 2012 was followed by a slow increase from 2012 to 2020.
The decline in sugar beet and chicory was offset by a doubling of the area under potatoes
and a gradual increase in vegetable cultivation. Although small in terms of total area,
oilseed and fibre crops have more than doubled.
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Figure 3. Evolution of major arable crops as percentage of total agricultural area in the Dijle catchment
for the period of 2000–2020 (data source: [41]).

3.2. Farm Typology According to Economic Activities

Agriculture is characterised by diversity in farm size, soil type, climate, crops, livestock
and number of livestock, mechanisation, the use of agrochemicals and general intensity
of management. Farm size is usually expressed in terms of work units, such as area or
livestock. Livestock holdings based on grass and forage crops vary in their intensity
of management. Dairy production in the area has a dense stocking rate of more than
2 cows/ha. The more intensive farms have a greater need for nutrients but also produce
larger amounts of manure. The most important types of farming that are relevant to the Dijle
catchment are, in order of importance as shown by their representation in the questionnaire
survey, arable farming, mixed cattle and arable farming, cattle farming, permanent crops
(fruit), horticulture and pig farming (Table 2). A comparison between the questionnaire
survey and the parcel registration data in the area showed that the distribution of farms
in the questionnaire was similar to that derived from the parcel database. Pig farms had
more than 800 animals, cattle farms had 132 animals, and mixed farms had 67 animals.
The farm size expressed in terms of area (ha) was different for each of the different farm
types (Figure 4). The differences in farm size between the survey and the parcel database
can be explained by the inclusion of farmers with only part of their farms in the area and
the greater representation of horticultural farms, which traditionally have a high number
of parcels but a small farm size.

Table 2. Distribution of farms and farm size in the survey and in the parcel registration database in
the Dijle catchment.

Farm Type Survey (n = 219) Parcel Database (n = 996) 1

Arable farming (%) 57.5 41.5
Mixed farming (%) 21.9 35.0
Cattle farming (%) 16.4 17.4

Permanent crops (%) 1.4 1.5
Horticulture (%) 1.4 4.7
Pig farming (%) 1.4 Not detectable

Median and quartile range of
farm size (ha) 46.0 (15.2–75.5) 18.1 (8.0–41.6)

Median and quartile range of
parcels per farm 16.0 (8.0–30.5) 13.0 (6.0–26.0)

1 Farms having a surface area less than 1 ha or only one parcel of less than 2 ha of their total area in the Dijle
catchment were omitted from the Land Parcel Information System database.
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Figure 4. Farm area (ha) of different farm types according to the questionnaire administered in 2010
(A) and according to parcel analysis for the year 2010 (B). Box = 3 quartiles; whiskers = Q1(3) ± 1.5 ∗
IQR; the dots represent outliers.

A farm typology according to economic activity showed little difference in farm
size between the different farm types, with the exception of fruit and horticulture farms
having significantly smaller farm sizes (Figure 4). Mixed farms had the largest farm
size (Md = 63.5 ha, n = 48), followed by pig farms (Md = 50 ha, n = 3) and cattle farms
(Md = 45.5 ha, n = 36). Arable farms (Md = 36.6 ha, n = 126) maintained moderately
large farm sizes, although outliers occurred outside the interquartile range (Figure 4).
The smallest farms were the horticultural farms (Md = 1.3 ha, n = 3) and fruit farms
(Md = 8 ha, n = 3). The mixed farms managed a larger number of parcels (Md = 21) than
arable farms (Md = 11) or cattle farms (Md = 12.5). The pig farmers managed the largest
number of parcels (Md = 31) and animals (>800) and grew a wide variety of arable crops.
A division according to production activity allowed for a difference in the crops grown.
Grassland and maize were mainly maintained by cattle and mixed holdings, whereas
root crops were mainly grown by arable and mixed holdings. In addition, the cattle and
arable farms had a great deal of rented land, whereas fruit and horticultural activities
were developed entirely on the farmers’ own land. The arable and mixed farms were
most involved in agri-environment-climate measures. However, most of these differences
between farm types were not significant. Therefore, additional variables were needed to
classify the farms into clearly different groups with regard to land use and environmental
decisions to target agri-environment-climate recommendations for farms.

3.3. Cluster-Based Farm Typology

The variables from the questionnaire retained for the multivariate analysis were the
farmer’s age, on-farm employment (in %), hired labour (n), off-farm activities (n), farm
size (ha), parcels (n), animals (heads), land ownership (% own, % rented), parcels with
agri-environment-climate measures (n), parcels in environmental or nature schemes (n),
pigs (head), cattle (head) and areas (ha) of wheat, sugar beet, potatoes, chicory, pulses,
vegetables, oilseeds, maize, grassland, fruit and fallow land. Multicollinearity in the dataset
was removed by using principal components extracted from the correlation matrix of the
26 standardised farm characteristics. The first principal components (PCs) explained 77%
of the variation in the dataset. The highest loadings for PC1 were from the variables of the
farm area followed by wheat and sugar beet area. For PC2, the highest loadings were from
livestock, cattle and grassland area, while for PC3, negative loadings were mainly from
land ownership and fruit and vegetable areas. PC4 had high loadings from land ownership
and generated off-farm income. Together, these first four PCs explained more than half of
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the variation in the data set. The interrelationships between the farm characteristics showed
the differentiation patterns between the different variables, as shown for the projection of
the variables on the plane of the first two principal components (Figure 5A). The lower
right quadrant showed a grouping of variables related to cattle rearing (Figure 5A), which
was reflected in the projection of the different farm types in the principal component plane
(Figure 5B). These variables were the number of animals, grassland, maize area, number of
rented parcels and farm labour. The upper right quadrant grouped characteristics that were
related to arable farming (Figure 5A) with all major arable crops in the Dijle catchment
(i.e., wheat, sugar beet, potatoes, pulses, chicory and fallow). Pig farming and mixed
farming (Figure 5B) had characteristics of both variable groups. A third grouping of farm
characteristics was related to socioeconomic characteristics such as the age of the farmer,
income from and type of farm-related economic activities, percentage of employment on
the farm and land ownership. Fruit and horticulture were included in this quadrant.

Figure 5. Projection of the 26 variables (A) and of the different farm types (B) for the first two
principal components.

Successive iterations showed a fairly steep exponential decay of the within-cluster
sum of squares towards 4–5 clusters. The Bayesian information criterion value of various
Gaussian finite-mixture models fitted by the expectation maximisation algorithm confirmed
the use of four clusters. The best model fit was obtained with an ellipsoid distribution
and a variable shape, volume and orientation. The four resulting clusters had an unequal
membership of 55, 100, 40 and 24 farms. The impact of each cluster on land cover and use
was distinctly different as the farm size, number of parcels, grassland and cropped area
differed between the clusters (Figure 6). The first cluster was mainly characterised by small-
to medium-sized arable farms (Md = 21 ha, n = 55) with around 11 parcels and a fairly
small number of cattle or grazing animals. The second cluster was dominated by cattle
farms (Md = 27 head, n = 100), which managed around 21 parcels or 63 ha of arable land,
of which almost a third was cultivated with maize and grass (Figure 6). The third cluster
consisted of small farms in terms of farm area (Md = 9 ha, n = 40) with no livestock and
with only a small number of parcels (Md = 4). Cluster 3 included fruit and horticulture
farms. The fourth cluster grouped large farms with the highest number of parcels (Md = 43,
n = 24), the largest average farm size (Md = 120 ha) and the largest area under arable crops
such as wheat (Md = 58 ha) and sugar beet (Md = 18 ha). Cluster 4 also included pig farms
with more than 800 animals.
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Figure 6. Comparison between clusters for farm size, number of parcels, wheat area and grassland,
which were selected for their different impacts on agricultural land use. The diamonds represent
outliers.

The clusters projected on the plane of the second and third principal components
(Figure 7A) showed a clear distinction between medium-sized arable farms (red), small
farms (blue) and large farms (black). This could be explained by the loadings of the main
farm characteristics on the principal components (i.e., ownership (negative on the y axis)
and cattle (positive on the x axis)). A projection of the farm area and wheat area clearly
showed the share of wheat in the total cultivated area in a gradient from small- (blue)
to medium- (red) and large-scale (black) farms (Figure 7B). The main group in the Dijle
catchment contained a mixture of cattle farms and arable farms (green dots in Figure 7).
Some of the arable farms in the area also had a small number of grazing animals other than
cattle, such as horses, sheep or goats, which explained the presence of grassland parcels on
their farms (Table 2).

Figure 7. Comparison between clusters and farm types projected on the second and third principal
components (A) and on the farm and wheat areas (B). Red represents medium–sized arable farms,
blue represents small–sized farms, black represents large–sized farms, and green represents cattle
and arable farms.

3.4. Crop Rotations

Among the respondents, 76% reported a main arable crop rotation. A second common
arable crop rotation was reported by 47% of farmers, and 34% of farmers reported a third
rotation. In total, 343 rotations were reported, of which 92% included wheat in a 5 year
rotation, 55% included sugar beet, 46% included barley, 38% included maize, 27% included
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potatoes and 15% included chicory. The minor crops in the reported rotations were flax,
pulses, oilseeds and oats. Vegetables, grass and spelt only occurred in less than 3% of
the reported rotations. Of all the responses, 5 year rotations were the most common
(40%), followed by 3 year rotations (39%), 4 year rotations (19%) and 2 year rotations (4%).
The most common rotations reported by farmers in the Dijle catchment area were the 3 year
rotations of “sugar beet–winter wheat–winter barley” and “winter wheat–winter barley–
maize”. This was followed by the 5 year crop rotation of “sugar beet–winter wheat–winter
barley–chicory–winter wheat”, where chicory is often replaced by peas, maize, potatoes,
oilseeds or flax. The sequences “winter wheat–sugar beet–winter wheat–potatoes” and
“sugar beet–winter wheat–winter barley–maize” were the most frequently reported 4 year
rotations. The 2 year rotations “sugar beet–winter wheat” and “winter wheat–maize” were
less frequent among the rotations reported. Vegetables were reported in only 4% of the
rotations, often in combination with potatoes or maize. The type of crop rotation differed
between farm clusters. Among all respondents that reported crop rotations (76%), 37% had
winter wheat in rotation. This was followed by sugar beet (16%), barley (13%), maize (13%)
and potatoes (7%). Cluster 1’s farmers (78% response, n = 55) had rotations with more
barley, maize and temporary grass than other farmers. Cluster 2’s farmers (82% response,
n = 100) had relatively more maize and chicory occurring in their rotations. Cluster 3’s
farmers (53%, n = 40) had the lowest response rate and reported more vegetables than other
farmers, often including potatoes. Cluster 4’s respondents (100% response rate) reported
more sugar beet, potatoes, flax and peas than other clusters. The arable, cattle and mixed
farm types could be compared with the crop rotation analysis for the four clusters; the fruit,
horticulture and pig farm types had too few responses to be meaningful. The arable farmers
reported wheat the most (39%), followed by the mixed farms (38%) and cattle farms (33%).
The arable farmers also included more flax and peas in their rotations. The mixed farms
had relatively more sugar beet, potatoes and barley, while the cattle farms reported more
maize and chicory. Grass in rotation was equally distributed between the three farm types.
Despite an expected strong division in land cover between farm types, the differences in
crop rotations between the four farm clusters were more pronounced, strongly suggesting
that land cover decisions were made according to the most economically important farm
activity. The crop rotations reported in the questionnaire were compared with the results of
a parcel analysis for the period of 2000–2020. The presence of a crop in the rotation was
expressed as a percentage of the total cultivated parcels or as an area equivalent (Table 3).
Most rotations included winter cereals (83%) followed by maize (60%), sugar beet (50%)
and potatoes (44%). The order of importance corresponded to the crop rotations reported in
the questionnaire. Compared with the reported rotations, arable crops were more common
in the parcel database. Grasses, spring cereals and vegetables accounted for between 20%
and 35% of the area in rotation. Chicory, oilseeds, fodder and flax were minor crops (less
than 10%) in rotation, and the reported rotations often included chicory. The presence of
monoculture, with a dominance of more than 75%, occurred in 2.6% of the area for winter
cereal and 2.3% of the area for maize, which were not reported by the farmers as they were
only asked about rotations. Close to urban areas, the vegetable crops included endive,
cauliflower and sprouts.

A shift in crop rotations was observed towards an increased occurrence of maize,
potatoes, vegetables, pulses and oilseeds in the crop sequences at the expense of grass,
cereals, fodder and sugar beet. Winter cereals were by far the most common crop and
the first choice after any other crop in the rotation, as reflected by the high transition
probabilities (Table 4). Maize was the next most common crop in the rotation, followed
by sugar beet or potatoes and spring cereals. Based on a sequence analysis of the parcel
database, the most common crop rotations were monoculture grass (19%), monoculture
maize (2%), the 2 year rotation “winter wheat–silage maize” (10%), the 4 year rotation
“winter wheat–grain maize–winter barley–sugar beet” (5%), the 3 year rotation “winter
wheat–winter barley–sugar beet” (4%), the 4 year rotation “winter wheat–sugar beet–winter
wheat–potatoes” (3%) and the 5 year rotation “sugar beet–winter wheat–winter barley–
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chicory–grain maize” (1%). As maize was increasingly introduced into traditional crop
rotations, there was a trend towards shorter rotations. Sugar beet was often replaced by
other root and tuber crops such as chicory, potatoes or carrots. Other common crop rotations
in the region were the more industrial processing-oriented “winter wheat–potatoes–dry
beans or peas–sprouts–flax" and the fresh vegetable rotation “potatoes–cauliflower (two
crops)–leek–beans–celeriac”. Overall, the high diversity in crop sequences resulted in low
percentages of occurrence.

Table 3. Dominance of crops in crop rotations in the Dijle catchment for the period of 2000–2020,
expressed as percentage of parcels and surface area.

Crop Overall Dominance
(>75%)

Dominance
(50–75%)

Dominance
(25–50%)

Dominance
(<25%)

Winter cereal 79.1 (83.3) 2.9 (2.6) 42.2 (49.1) 38.3 (37.2) 16.6 (11.2)
Maize 61.6 (59.5) 3.9 (2.3) 9.7 (6.2) 30.0 (26.9) 56.4 (64.5)

Sugar beet 39.7 (49.7) 0.0 (0.0) 0.1 (0.1) 19.5 (21.1) 80.4 (78.8)
Potato 34.5 (44.4) 0.0 (0.0) 0.1 (0.0) 9.5 (10.8) 90.4 (89.2)
Grass 43.7 (33.9) 37.4 (43.0) 10.9 (8.1) 17.4 (12.5) 34.3 (36.4)

Spring cereal 31.5 (28.9) 0.2 (0.1) 1.2 (0.5) 14.8 (11.5) 83.7 (87.9)
Vegetables 17.7(20.5) 0.5 (0.2) 0.6 (0.1) 6.3(4.1) 92.5 (95.6)

Chicory 6.3 (8.5) 0.0 (0.0) 0.2 (0.0) 1.7 (2.5) 98.1 (97.5)
Oilseed 4.3 (5.5) 0.0 (0.0) 0.0 (0.0) 0.5 (0.5) 99.5 (99.5)
Fodder 6.9 (4.2) 0.0 (0.0) 0.4 (0.5) 6.3 (3.8) 93.3 (95.7)

Flax 0.7 (1.8) 0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 100.0 (100.0)

Table 4. Transition probabilities (%) for different arable crops in rotation for the period of 2000–2020.

Crop Chicory Flax Fodder Grass Maize Oilseeds Pulses Potatoes SCereal SBeet Veg WCereal

Chicory * 0.0 0.0 0.0 1.6 6.3 0.0 0.0 5.0 0.0 0.5 0.5 85.8
Flax 0.0 0.0 0.0 5.2 1.0 0.0 0.0 0.0 2.1 9.3 0.0 82.5

Fodder 0.0 0.0 3.4 1.6 17.5 0.0 0.2 4.7 6.5 0.5 1.8 63.5
Grass 0.0 0.0 0.1 89.9 4.3 0.0 0.1 0.4 0.4 0.5 0.2 3.3
Maize 0.2 0.0 0.6 4.1 39.0 0.1 0.3 3.9 3.8 4.2 0.6 43.0

Oilseeds 0.0 0.0 0.7 5.0 6.1 1.0 0.0 1.9 0.4 1.6 1.9 80.5
Pulses 2.3 0.0 0.0 3.3 2.3 0.0 2.3 1.3 0.0 12.4 2.6 73.5

Potatoes 0.0 0.0 0.8 3.7 8.2 0.1 0.1 1.5 3.1 2.3 1.0 79.0
SCereal 0.1 0.0 1.9 4.7 15.1 1.4 0.4 4.6 9.5 3.5 3.5 54.9

SugarBeet 0.3 0.2 0.1 3.6 10.1 0.0 0.4 3.4 1.8 1.1 0.6 78.0
Vegetables 0.2 0.0 0.7 2.9 19.7 0.1 0.8 4.7 10.0 5.4 11.6 42.8
WCereal 1.0 0.3 1.2 3.8 22.8 2.3 1.1 9.5 5.3 12.0 3.1 37.2

* Interpretation: After chicory, winter cereals were the most common crop, followed by maize. SBeet = sugar beet,
SCereal = spring cereal, WCereal = winter cereal and Veg = vegetables.

3.5. Land Use Decisions

Family tradition was the main motivation for the current land use of the first three farm
clusters (Figure 8). For large farms (cluster 4), a high return was the main motivation for
current land use decisions, followed by family tradition, a stable price and low investment.
A high return followed by low labour input were the second and third most important
motivations for both the cattle farms (cluster 2) and the small (specialised) farms (cluster 3).
Low labour input, the availability of subsidies and low investment were the next most
important motivations for the medium-sized arable farms (cluster 1). Nature conservation
played a minor role in the motivation for engaging in current land use decisions. Agri-
environment considerations were more important for medium-sized arable farms and large
farms than for cattle farms and small farms.
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Figure 8. Motivations for engaging in current land use in stacked percentages of weighted responses
per cluster.

The main motivations for engaging in new land use were weighted according to their
ranks (Figure 9). Overall, higher income, quota use and diversification scored highest for
all farmers, although the order of importance differed between the clusters. For medium-
sized arable farms and small (specialised) farms, one’s own know-how was the most
important motivation for deciding on a new land use, followed by quota use for medium-
sized arable farms and diversification for small (specialised) farms. A higher income
was ranked only third for the medium arable farms and fifth for the small (specialised)
farms. For large farms, a higher income and diversification played an important role in
the choice of new land use. Low input was the least important factor for large farms
but the fourth most important for small farms. For the cattle farms, a higher income
was the most important motivation, closely followed by the use of quotas, which were
abolished in 2015 for dairy and in 2017 for sugar beet. Advice from colleagues was the least
important motivation for starting a new land use. Reasons for abandoning certain land
uses were, in order of importance, price changes, labour requirements, legislation and yield
changes, with an almost equal distribution between the four clusters. Only for the large
farms was price the dominant reason, followed by yield changes, while for all other farms,
labour requirements and legislation were the second and third most important reasons.
Environmental considerations such as erosion or water pollution did not play a role in the
abandonment of certain land uses.

Bioenergy crops were grown by 10% of the farmers interviewed and were predomi-
nantly winter rapeseed. The bioenergy farmers belonged mainly to cluster 4 (large farms,
50% of the farmers) and to a lesser extent to cluster 2 (cattle farms, 8% of farmers). A further
16% of the farmers considered growing bioenergy crops in the future, including 20% of
large farms, 18% of medium arable farms and 16% of cattle farms. Only 10% of the small
farms considered growing bioenergy crops in the future.

The land market is closely related to land use decisions. More than 65% of the farmers
would like to buy more land. Almost half of the farmers (48%) would buy more land
if the price fell. For large farms, 63% of the farmers were willing to invest in additional
land, while for small farms, the figure was only 38%. More than 26% of the farmers would
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not invest in more land, and 68% of all respondents would never sell land. Reasons such
as off-farm employment, higher land prices or lower income could not motivate many
respondents to sell land. Under the conditions of rising land prices, 14% of the farmers,
but none of the large farms, would be tempted to sell their land.

Figure 9. Motivations for engaging in new land use in stacked percentages of weighted responses
per cluster.

The environmental indicators varied between the four farm clusters. The agri-environment-
climate measures and practices that the farmers participated in were quite diverse and re-
lated to soil, water, landscape and biodiversity. Large farms participated in 2–5 agri-
environment-climate measures and reported the highest number of environmental prac-
tices (i.e., 5–9 per farm). Their average use of two inputs such as manure or fertiliser per
farm activity was the highest of all farm clusters. Their farm intensity was the second-
highest. The small (specialised) farms reported a farm intensity of 100%, but this was not
reflected in their average input level of only one to two inputs per farm activity, possibly
because the listed inputs referred to the arable, cattle and large farms. The small farms
participated in up to two agri-environment-climate measures. The cattle farms had a
high overall mean input per farm, second only to the large farms due to the presence of
animals. The cattle farms reported less opportunity to engage in agri-environment-climate
practices such as cultivating cover crops. The most extensive farms were in the medium
arable farm group, which reported low average inputs and environmental practices. Sim-
ilar to the small farms, the medium arable farms were less interested in participating in
agri-environment-climate measures.

4. Discussion

Farm typologies provide valuable insights into the diversity of agricultural practices
and their impact on land use dynamics [11,12], and they are necessary to define agents in
agent-based models [18,19]. Different methods exist to derive farm typologies and capture
farm diversity in light of agricultural land use decisions and the environment (Table 1). We
combined participatory methods, multivariate statistical modelling and spatiotemporal
land cover analysis to develop a data-driven farm typology. A farm typology based on
production activity categorises farms according to their primary agricultural economic
activity, as exemplified by the European farm typology based on farm characteristics
collected in the farm accountancy data network [13,16,35]. This economic approach to a
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production-based farm typology showed that the farm size varied significantly between
farm types from small fruit and horticultural farms to medium-sized arable and mixed
farms and large pig and cattle holdings. The number of parcels managed by each type
of farm highlights the complexity of land management, owing to different forms of land
ownership, fragmentation and land use intensity, as demonstrated in [28,38]. In the Dijle
catchment, the choice of crop rotations also varied between farm types. Grassland and
maize were mainly grown by livestock and mixed farms, while root crops were mainly
grown by arable and mixed farms. Cattle and arable farms tended to have more rented land,
while fruit and horticultural activities were typically developed on their own land. Arable
and mixed farms were more likely to be involved in agri-environment-climate measures.

The complexity of farm typologies has implications for land use and environmental
decision making, which is arguably overlooked by the economic approach to farm typolo-
gies [12,19,50]. Similarly, small farms tend to be overlooked, despite their crucial role in
food security [36,37]. A data-driven farm typology was found to complement the eco-
nomic approach to farm typologies based on production activity. Farm size, crop type and
area, livestock and land tenure were the most important characteristics in distinguishing
farm types. The farm clusters differed in terms of farm size, number of parcels, grassland
and arable land. Our results conformed to the findings in [11,15,17,19] in their ability to
capture farm diversity in the area. In spite of the obvious interaction between land use
decisions and regional land use patterns, individual links between farm characteristics
and the spatiotemporal parcel databases could not be made since the farmers’ identities
were not available for privacy reasons. The presence of certain crops in rotations differed
from what the farmers reported in the questionnaire, which may suggest a possible shift
towards shorter rotations. In the same region, the authors of [48] concluded that crop yield
losses due to climate change could be compensated by changes in land cover (i.e., crop
choice), leading to utility gains. The proposed response of changing crop choice may be
valid for adaptation to gradually changing weather patterns such as drought [49] but not
for extreme weather events that can disrupt agricultural yields and systems [51]. Such
disruptions may require rapid adjustments in land management, land use patterns and
crop choice to mitigate climate impact and adapt to climate variability [52].

The motivations behind farmers’ land use decisions, both for current and new land
use, revealed that family tradition, high returns and low labour input emerged as key
motivators, although their relative importance varied between the different farm clusters.
This understanding of motivators could help design policy actions by exploring the full
potential of land use decisions [22,50]. Some changes in the area are policy-driven, such as
the replacement of sugar beet by other root and tuber crops due to the abolition of a sugar
quota. Considerations such as nature conservation seemed to play a minor role in land use
decisions. However, farmers’ participation in agri-environment-climate measures showed
that large farms tended to participate in more schemes and practices due to their larger size
and resources, confirming an earlier finding [39]. Despite differences in land use between
farm types, variations in crop rotations had a more pronounced influence, highlighting the
importance of different farm characteristics in shaping land use decisions.

5. Conclusions

This research developed a methodology to identify a data-driven farm typology for
agricultural land use decision analysis. The results of participatory methods, a formal
questionnaire and multivariate analysis, or in this case principal component and cluster
analysis, helped capture the complexity and heterogeneity of farming systems and allowed
for a data-driven and systematic approach to defining a farm typology complementary to
an economic production-based farm typology. Both the economic and data-driven farm
typologies are valuable for understanding agricultural land use decisions. The diversity of
farm characteristics confirmed that land use decisions and motivations for current and new
land use are not the same for different farm types.
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The robustness of a data-driven typology was tested on land cover data obtained from
the Land Parcel Information System. Farm typologies were compared to spatial patterns
and crop rotations using multi-annual parcel geodatabase analysis. The development of
farm typologies proved essential to identify the key farm characteristics that influenced land
use decisions as demonstrated for farm diversity, crop rotations, motivations for current
and new land use decisions, land expansion and willingness to engage in agri-environment-
climate measures. The methodology can be used to generate data-driven typologies suitable
for leveraging agent-based models to explore sustainable land management options.

The literature review underscores the need for a standardised methodology to capture
the intricate relationships between farm types, environmental factors, and policy outcomes,
which is supported by recent scientific findings on the subject. In line with previous
research, this study identifies a relation between the farm typology, agri-environment-
climate practices and policy outcomes. Avenues for further investigation include the
integration of economic and data-driven farm typologies for the development of agent-
based modelling, the shift that emerging farming practices and innovative technologies
can exert on farm typologies and the influence of drivers of change such as climate change,
urban sprawl, landscape fragmentation as well as agri-environment-climate policy. Such
investigations hold the potential for enhanced comprehension of the complex network of
interrelations that govern farm diversity in an ever-changing environment.
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