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Abstract

Crop rotation is a well-established practice that helps reduce nutrient depletion and pres-
sure from pests and weeds. At the same time, the use of artificial intelligence tools to recog-
nize crops from satellite multispectral imagery is gaining momentum as a first step toward
automated agricultural monitoring. However, the recognition process is limited by inherent
errors and the scarcity of available data. In this paper, we build upon Monte Carlo simula-
tion methods to investigate whether incorporating crop rotation information—encoded as
a Markov chain—can improve identification accuracy. To broaden the simulation across
diverse datasets, we also synthesize multispectral pixels for underrepresented crop types.
Crop rotation is used not only in post-processing, but also integrated into the classifier,
where a Gradient Boosting Machine is adapted to penalize learners that predict the same
crop as in the previous year. Our evaluation uses Sentinel satellite imagery of agricultural
crops, combined with the DACIA5 database from the Bras, ov region of Romania. We con-
clude that incorporating accurate prior information and crop rotation models noticeably
improves crop identification performance. Synthesized data further enhances recognition
rates and enables broader applicability, beyond the original region.

Keywords: crop rotation; Monte Carlo; remote sensing; gradient boosting machine;
crop identification

1. Introduction
As human societies evolve and their needs become increasingly complex, the fun-

damental necessity for food remains unchanged. Rising demand, climate change, and
sustainability challenges make it essential to use advanced technologies to boost crop
yields with minimal environmental impact. Artificial intelligence (AI), when combined
with remote sensing data, strengthens agricultural planning by identifying patterns, fore-
casting outcomes, and optimizing decision making for improved resource allocation and
productivity [1]. Remote sensing (RS) has emerged as one of the most transformative tools
in modern precision agriculture, enabling real-time monitoring, analysis, and prediction
of vegetation health and land-use changes over vast geographic areas [2]. In parallel with
these technological advancements, traditional practices such as crop rotation continue to
play a vital role in maintaining soil fertility and improving long-term agricultural yields.
Together, these innovations and practices are reshaping the future of sustainable agriculture.
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Accurate and consistent crop mapping is essential for understanding and assessing
the environmental impacts of agriculture, as well as for developing effective mitigation
strategies. These maps are typically generated using a combination of remote sensing data,
spatial reference information—such as Land Parcel Identification Systems (LPIS)—and,
often, supplemented with field or environmental data. Notable examples are China’s
CropWatch [3] and the U.S. Cropland Data Layer [4]. In countries such as France, Belgium,
and the Netherlands, national LPIS datasets are openly accessible and have been compiled
and standardized through the EuroCrops initiative [5].

Outside these official national datasets, large-scale crop maps have also been devel-
oped, often aimed at improving mapping methodologies or providing coverage in regions
where official maps are lacking [6,7]. However, this process does not function uniformly
across all regions. In some countries, detailed data are available only for small, local-
ized areas, while for the broader regions (e.g., national level), only aggregated statistics
are accessible.

For such mapping processes, two types of information are essential: accurate crop
parcel annotations for the current year and historical data on previous crops. These two
types of information are complementary, and their integration enables the development of
automatic crop mapping systems.

In Romania, annual crop information is available only for limited parcels, such as
those included in the DACIA5 dataset [8]. This dataset contains Sentinel-2 data spanning
five years (2020–2024) for parcels managed by the National Institute of Research and
Development for Potato and Sugar Beet (INCDCSZ), located just north of Bras, ov, Romania.

Meanwhile, the National Ministry of Agriculture publishes annual reports on land use
and crop yields at the national level. Since parcel annotation is costly and time-consuming,
there is growing interest in deploying models trained on existing annotated datasets. In this
paper, we first use Monte Carlo simulations to extrapolate data from small, localized areas
to align with national-level statistics. Second, using this more robust and representative set
of crop samples, we simulate various crop rotation models with similar techniques. The
rotation model is also integrated into the classifier, which is adapted to penalize learners
that predict the same crop as in the previous year. All these components are combined, and
comparative evaluations are conducted to assess performance improvements.

The remainder of the paper is organized as follows. In the next subsection, we review
relevant prior work. Section 2 presents the original database, followed by a description
of the methods used to synthesize new pixels, incorporate actual crop rotation data, and
apply the rotation model within classifiers. Section 3 covers the evaluation. First, it
analyzes how well the synthesized data matches the real data. Then, it addresses the
problem of crop identification, evaluating the impact of different rotation patterns on
recognition performance and how the solution adapts to varying crop distributions. The
paper concludes with discussions and final remarks.

1.1. Prior Work

From a technical standpoint, this paper aims to contribute to a better understanding
of the role of crop rotation in crop identification from satellite imagery, and to provide a
method for synthesizing data similar to existing datasets, thereby enhancing the generaliz-
ability of the proposed solution.

1.1.1. Crop Identification Using Rotation Models

Crop rotation is a well-known and widely applied principle in agriculture. Due to its
widespread adoption, it has influenced automated agricultural data analysis. For instance,
Wang et al. [9] enhanced Random-Forest-based crop identification by incorporating spatial
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heterogeneity derived from crop rotation principles—specifically, they examined changes
in crop templates relative to the previous year. Crop rotation is designed to prevent the
depletion of soil nutrients, and Yang et al. [10] used Fourier decomposition to monitor
this process over multiple years. Giordano et al. [11] modeled crop rotation patterns using
a Markov model, followed by Random Forest classification on Sentinel-2 data from two
localized study areas in France.

Recently, deep learning models have increasingly been used for crop classification,
either based on time series or image patches. Crop rotation models have been inte-
grated into deep learning analyses of time series data for parcels, as demonstrated by
Quinton et al. [12], who injected rotation information into the decision-making blocks of
their model.

A large dataset enabling a more thorough investigation of crop rotation implementa-
tion in England was analyzed by Upcott et al. [13], while a similar study focused on China
was conducted by Liu et al. [14]. The effects of crop rotation on soil microorganisms have
also been extensively studied [15], and the environmental impact of specific crops has also
been investigated [16].

Although large farms have traditionally been the focus, recent research has also
addressed crop rotation patterns in small farms [17]. Additionally, crop rotation data has
been combined with satellite and contextual data for improved analysis [18].

However, we note that while prior work has successfully incorporated crop rotation
information into the prediction of current crop distributions, most models have been limited
to existing, localized data without extrapolating to broader statistical patterns. Our paper
aims to address this gap.

1.1.2. Monte Carlo Simulation in Agriculture Data

The challenge of limited data availability in agricultural applications has been the focus
of recent research [19]. One proposed solution is the use of self-supervised learning [19],
which initiates the learning process with a small amount of annotated data and extends it
to a larger set of unannotated instances.

Monte Carlo (MC) simulation methods are widely used in data analysis and have been
applied in agricultural contexts. Chinembiri et al. [20] utilized Markov chain modeling
followed by MC simulations to estimate carbon stock based on anthropogenic, climatic,
and topographic data in forest ecosystems. Wu et al. [21] developed a Monte Carlo ra-
diative transfer code to simulate top-of-atmosphere (TOA) reflectance over water bodies,
accounting for adjacency effects.

In the context of satellite imaging, Radoux et al. [22] applied local statistics and
MC synthesis to interpolate subpixel values, achieving improved spatial resolution.
Abdelmoula et al. [23] modeled the spatiotemporal dynamics of biophysical parameters
in olive orchards using satellite observations and radiative transfer models, with Markov
Chain Monte Carlo (MCMC) simulations completing the modeling process. Similarly,
Makhloufi et al. [24] estimated biophysical properties such as Leaf Area Index (LAI) and
chlorophyll content (Cab) from Sentinel imagery and employed MCMC to emulate discrete
anisotropic radiative transfer and generate synthetic data.

In this work, we propose a method to synthesize new pixel data, thereby enabling
the extrapolation of limited, but high-quality data to broader statistical representations
covering extensive areas—potentially at a national scale.

2. Materials and Methods
An overview of the work described in this paper is shown in Figure 1. The starting

point is accurate data from the DACIA5 database. Since crop distribution is specific to
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the region where the dataset was acquired, a modified Gibbs Sampling method is used to
generate any number of required pixels for a known crop type, enabling generalization.
Next, crop rotation models are identified as a source of increased accuracy, and we propose
a Metropolis–Hastings algorithm to synthesize actual crop transition data. The crop rotation
model and the simulated pixels are then used in a pixel-based crop identification module.

Figure 1. Overview of the work described in this paper. The original real-world data from the
DACIA5 database is extrapolated, such that crop distribution can be adapted to any scenario, through
pixel synthesis, using a modified Gibbs Sampling method. Simulated crop pixels are complemented
by simulated previous crops generated using a crop rotation model. All data is, then, evaluated in a
crop identification module.

This section, in the first part, describes the available data and argues why it needs to
be extended to model a broader impact. Then, we continue by reviewing some insights
from Monte Carlo simulation models. We use simulation for two problems. The first
refers to simulating additional pixels for underrepresented cultures, which is a process
of generating multidimensional data and hence based on Gibbs Sampling. The second
problem is about simulating Markov chains of crop rotation for newly created pixels, which,
being a uni-dimensional simulation, is performed with the classical Monte Carlo method.
Finally, the crop identification process is presented.

2.1. DACIA5 Dataset

The data source of this study is the DACIA5 dataset [8]. The dataset integrates
synthetic aperture radar (SAR) imagery from Sentinel-1 and multispectral optical imagery
from Sentinel-2 (used in this work), covering an agricultural region located north of Bras, ov,
Romania, for the period 2020–2024.

The Potato Institute’s land in Bras, ov, where the DACIA5 dataset was collected, lies in
the Bârsa premontane plain—a mountain-surrounded depression in Romania known as the
“Potato Country”. This area spans 2406 km2, with elevations ranging from 550 m to 722 m,
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and is located between 45◦27′–46◦00′ N and 26◦10′–26◦13′ E. The climate is classified as
Dfb (cold, no dry season, warm summer) under the Köppen system, featuring cold, snowy
winters, warm springs, mild summers, and long, sunny autumns. Annual precipitation
ranges from 548 to 782 mm, with most rain in winter and summer (250 to 300 mm), and
drier springs. The average annual temperature is 7–8 ◦C, with summer temperatures
of 15–17 ◦C—conditions favorable for potato and sugar beet cultivation, though recent
droughts have increased irrigation needs.

In the dataset acquisition process, an emphasis has been placed on curating crop labels.
For the experiments conducted in this study, the following data subsets were utilized:

• Sentinel-2 multispectral images (12 spectral bands), provided in GeoTIFF format and
acquired between 2020 and 2024. Each annual image stack covers the study area at a
spatial resolution of 10 m, with individual image tiles measuring 800 × 450 pixels.

• Ground truth data: crop type annotations.
• Crop history: crops from previous years in the same location.

In this work, we consider pixels individually, discarding spatial structure. Out of the
crops represented in the database, we have selected only wheat, corn, peas, potatoes, sugar
beet, and rapeseed, as they are well represented.

In Figure 2, two RGB visualizations of multispectral images, acquired on different
dates within the same year are shown, along with their corresponding masks; each color
represents one of the five crop types.

Figure 2. DACIA5 RGB-rendered images along with their shared mask.

2.2. Principles of Crop Rotation

Crop rotation is a foundational principle of sustainable agriculture, aimed at enhancing
soil health, managing pests and diseases, and improving crop productivity.

The core principles of crop rotation have long been established and thoroughly
studied [25–28]. The more diversified the rotation is, the more long-term benefits appear [29].

It is a known fact that some plants benefit more from rotation than others. Wheat,
for example, is highly dependent on its preceding crop, requiring early field clearance
and low pathogen pressure. The best precursors are annual legumes (e.g., pea, bean,
vetch) [30], which are harvested early and contribute biologically fixed nitrogen. Wheat
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should not follow barley or be continuously cropped due to shared pathogens. Continuous
wheat should be avoided or mitigated with proper tillage, residue management, and pest
control [31].

Corn is a relatively flexible crop in terms of rotation requirements, yet it responds
positively to well-structured crop sequences. While it can tolerate short-term monoculture
better than crops like wheat or sugar beet, continuous corn cultivation often leads to
reduced yields [32], increased pest pressure, and a decline in soil health. Common issues in
continuous corn systems include higher incidences of root-feeding pests (e.g., Diabrotica
virgifera virgifera, the western corn rootworm), increased disease risks such as Fusarium
and Gibberella stalk rot, and nutrient imbalances due to high nitrogen demand [33].

Pea is widely recognized as a highly beneficial crop in rotational farming systems due
to its ability to fix atmospheric nitrogen through symbiosis with rhizobial bacteria. The
inclusion of peas in crop rotations has been shown [34] to improve overall soil fertility, en-
hance yield stability of subsequent crops, and promote more sustainable and cost-effective
agricultural practices.

Potato, though partially self-tolerant, remains vulnerable to major biotic threats. Viral
infections like Potato virus Y (PVY) impair plant defenses and increase susceptibility
to pests such as the Colorado potato beetle [35]. Late blight (Phytophthora infestans)
remains the most destructive disease, causing up to USD 10 billion in annual losses [36].
The Colorado potato beetle, resistant to many insecticides, requires integrated control
strategies. Crop rotations with legumes (e.g., peas, beans) improve soil health and increase
potato yields by 21–28% over monoculture [37]. Four-year rotations (e.g., potato–oat–faba
bean–potato) also boost yields and reduce disease incidence [38]. Early potato followed by
winter cereals supports better soil preparation and nutrient availability.

Sugar beet should not be grown on the same field more frequently than once every four
to six years due to its high susceptibility to soil-borne diseases and pests, particularly the
beet cyst nematode (Heterodera schachtii) and root rot pathogens such as Aphanomyces
cochlioides. Continuous sugar beet cultivation increases nematode populations and disease
pressure, resulting in lower yields and root quality. Long-term field trials and farm surveys
across Europe have demonstrated that crop rotations with non-host crops such as cereals,
corn, or legumes, significantly suppress nematode populations and support sustainable sugar
beet production. A rotation interval of at least four years is widely recommended [39,40] to
mitigate these biotic stressors.

Rapeseed thrives when rotated after non-host cereals like wheat or barley, which
interrupt the life cycle of soilborne pathogens such as Sclerotinia sclerotiorum. A four-
year interval between rapeseed crops is advised [41], and sclerotia can survive in soil for
up to seven years, underscoring the importance of long rotations. National guidelines
further warn against following rapeseed with legumes or sunflower, which share pathogens
like Sclerotinia, Alternaria, and Plasmopara, advocating instead for cereals as safer pre-
crops. These recommendations [42] help prevent disease buildup by disrupting pathogen
persistence, ensuring healthier crops and better yields.

In Figure 3, the crop rotation derived from the labeled data of the DACIA5 dataset
is illustrated. This real-life scenario demonstrates how different crops were rotated over
a period of four years to simplify and better understand the main crop rotation patterns.
Again, the rotation includes the following crops: wheat, corn, peas, potatoes, sugar beet,
and rapeseed.
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Figure 3. R0—The rotation model that was observed in DACIA 5 dataset. The model was used to
improve the classification output and the results can be seen in results section .

2.3. Romanian Crop Distribution

The DACIA5 dataset reflects a specific crop distribution, shaped by the conditions
under which it was recorded. Limiting all experiments to this distribution poses challenges,
as the Bras, ov area has unique climatic and geographical characteristics. Moreover, the
recorded parcels belong to a Research and Development institute, which operates with
different objectives than a typical commercial farm. For example, examining the rotation model
in DACIA5 reveals instances where corn appears on the same parcel in consecutive years—an
uncommon practice in general agriculture, but one that serves specific research purposes.

To modify the crop distribution, we refer to national Romanian agricultural statistics,
which are published annually by the Ministry of Agriculture and available to the public [43].
For the crops considered in this study, their relative distribution—compared to that in the
original DACIA5 dataset—is shown in Figure 4.

Figure 4. The relative distribution of six crop considered with respect to data from the Bras, ov area
and, respectively, Romania overall. Changing the region, the relative probabilities changes, and thus,
new pixels are needed.



AgriEngineering 2025, 7, 259 8 of 25

2.4. Sentinel-2 Pixel Simulation

The problem we are approaching here is two-fold. On the one hand, we have accurate
data but for a particular farm/institute, and we need to extrapolate for another area. This
is illustrated in Figure 4. The second is machine learning motivated: classifiers used to
recognize crops need as much data as possible, and, in general, the best performance is
achievable when classes (i.e., crops) are balanced in the training set.

2.4.1. 12D Pixel Synthesis

To synthesize new pixels for crops that are severely underrepresented, we used a
variant of Gibbs Sampling [44]. Gibbs Sampling is a Markov Chain Monte Carlo algorithm
used to generate samples from a multivariate probability distribution when direct sampling
is difficult, but conditional distributions are known. Here, the purpose is to sample from a
joint distribution p(x1, x2, . . . , xn), especially when it is hard to sample directly, but easy to
sample from the conditionals p(xi|xi−1), where xi and xi−1 are dimensions of the probability.
The key idea is that instead of updating all variables at once (as in Metropolis–Hastings),
this Gibbs Sampling updates one variable at a time, keeping the previous fixed, using the
conditional distributions.

In general, Gibbs Sampling assumes to draw xi
1 ∼ px1|xi−1

2 ,xi−1
3 ,...,xi−1

n
(x), which means

that the current dimensions have a known dependence model with respect to previous
considered dimensions. However, if the dependence structure is not well modeled, the space
is high-dimensional with strongly dependent variables, Gibbs Sampling is often inefficient
and potentially inaccurate [45,46]. An intuition about this phenomenon starts with the fact
that when variables are highly correlated, Gibbs updates one dimension at a time. The sampler
must traverse a narrow valley in the joint space, leading to extremely slow mixing—requiring
many more iterations to converge, and it may become “stuck” in subregions of state space,
never moving to other plausible areas. Additional methods that can model more complex
dependencies—such as SMOTE (Synthetic Minority Oversampling Technique), Variational
Autoencoders (VAE), and Generative Adversarial Networks (GAN)—do exist. However,
these approaches typically require larger datasets and are significantly more complex to
implement. For a comprehensive overview of such methods, we refer the reader to the survey
by Figueira et al. [47].

To reach a compromise, we assume a dual band correlation: we start with some initial
dimension, where the data is independent, and follow with the most correlated dimension,
but always assuming that correlation is between pairs and not multiple. In this case, the
used algorithm is described in Algorithm 1. The sample generation from a probabil-
ity density function is performed with the Metropolis–Hastings algorithm, described in
Algorithm 2.

Algorithm 1 Gibbs Sampling for pair of dimensions correlation.

Sample x0 from pX0(x), resulting x = [x1, x2, . . . , xn]T

For i = 0: N
Generate sample xi

1 ∼ px1

Generate sample xi
2 ∼ px2|xi

1. . .
Generate sample xi

n ∼ pxn |xi−1
n−1

x = [xi
1, xi

2, . . . , xi
n]

T

Return {xNb , xNb+1, . . . , xN}
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Algorithm 2 Metropolis–Hastings Algorithm

Given a current state xt:
Repeat for t = 1, 2, . . . , T

Propose a new state x′ ∼ q(x′|xt)
Compute acceptance ratio:

α(xt, x′) = min(1, π(x′)·q(xt ·x′)
π(xt)·q(x′ |xt)

)

Accept or reject:
Generate u ∼ Uniform(0,1)
If u < α, accept: xt+1 = x′

else reject: xt+1 = x′

2.4.2. Practical Details

The simulation process began with real Sentinel-2 data, which provided up to 40 mul-
tispectral images per year—each capturing the same area across different months and days.
Since the goal was to support a crop classification task, the data points had to be extracted
with consideration for the specific crop’s sprouting and harvesting periods. For that matter,
only the pixels showing signs of active green vegetation were selected.

Subsequently, the pixels needed to be separated by class, i.e., by the label-culture that
was provided by the dataset makers. Each class contains pixels that are 12-dimensional. It
is a known fact that Sentinel-2’s spectral band values are correlated with each other [48,49].
The sampler logic builds on this observation by leveraging the statistical dependencies
between spectral bands.

The original dataset was analyzed, and two key pieces of information were extracted:

• The histograms representing the pixel values distribution for each band within each
agricultural crop, illustrated in Figure 5;

• The co-occurrence matrices representing the joint histograms between selected adja-
cent bands.

Figure 5. Histograms showing the distribution of pixel values for each crop class across all spec-
tral bands.

Let us consider two Sentinel-2 spectral bands: band a (the initially selected band)
and band b (its neighboring band). First, a value is chosen for band a. Then, based on
this value, we estimate the value of band b using a conditional probability distribution,
noted as q(xb | xa). This distribution reflects how values of band b typically occur when
a certain value of band a is already known. In other words, the information from band a
helps us make a more informed and likely choice for band b, based on how often certain
combinations of values appear together in real data.
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This process can then be repeated for each crop, allowing the value of one spectral
band to be inferred based on another. Naturally, the first band in the sequence cannot
depend on any previous one. Therefore, its value is generated using the overall distribution
of that band for the specific crop class, as observed in the dataset.

The chosen band from which the generation process starts—assumed independent—was
the green band (B3). This decision was based on several considerations. First, B3 is one of the
bands with high signal-to-noise ratio and stable reflectance values across vegetation types,
making it a reliable starting point for class-conditional generation [50]. Second, the green
band (B3) effectively captures key physiological traits of crops, such as chlorophyll content
and canopy structure [51].

2.5. Crop Rotation Simulation

Let us begin with two key observations. First, the DACIA5 dataset covers a finite
number of years. To utilize data from the first year, we need to synthesize the previous
crop label. Second, when synthesizing pixels, they are assigned a current label, but they
also require a previous label to be compatible with our framework. Both observations
highlight the need for an algorithmic method to generate meaningful previous labels.
Additionally, since we aim to study specific crop rotation models and their impact on
recognition, we must modify the previous crop labels accordingly—following a well-
defined algorithmic approach.

In this case, the rotation is modeled as a Markov process (the rotation matrix from
Figure 3 are Markov matrices), and we used the Metropolis–Hastings algorithm [52]. The
latter is a Markov Chain Monte Carlo (MCMC) method used to sample from complex
probability distributions when direct sampling is difficult. Its goal is that, given a target
distribution π(x) (often known only up to a constant), the algorithm generates samples that
approximate π(x). The algorithm requires a proposal distribution: q(x′|x), a distribution
used to propose the next state based on the current one and acceptance probability, and
α(x, x′), which determines whether to accept or reject the proposed move. The algorithm is
presented in Algorithm 2.

Using Algorithm 2 over a specific form of a rotation matrix, it generates labels, which
tend to abide the distribution showed by matrix values.

2.6. Crop Identification

For crop identification, two models have been used. The first is a Random Forest,
while the second is a Gradient Boosting Machine based on XGBoost implementation.

The Random Forest [53]—RF—classifier with 100 estimators was employed due to
its robustness and reduced sensitivity to class imbalance. Random Forests, as ensemble
methods, combine multiple decision trees trained on different random subsets of the data,
which helps mitigate overfitting and improves generalization. Importantly, they handle
unbalanced datasets relatively well compared to many other classifiers because each tree
can capture minority class characteristics without being overwhelmed by the majority class.

Gradient Boosting Machine is employed in the form of eXtreme Gradient Boosting
(XGBoost) [54], an optimized implementation of the original Gradient Boosting frame-
work [55]. XGBoost is a type of ensemble learning method that combines multiple weak
learners—typically decision trees—into a strong predictive model. Each successive tree is
trained to correct the residual errors of the previous ensemble (a process known as boost-
ing). XGBoost is particularly efficient due to its built-in support for parallel computation,
enabling fast training on large-scale datasets.
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From a mathematical perspective, XGBoost is an iterative procedure that begins with an
initial prediction (commonly zero), and incrementally adds trees to minimize the prediction
error. This process can be formalized as:

ŷi =
K

∑
k=1

fk(xi) (1)

where ŷi is the final predicted value for the ith instance (i.e., xi), K is the number of trees in
the ensemble, and fk(xi) is the prediction of the kth tree for the ith data point.

The objective function in XGBoost comprises two components: a loss function, which
evaluates how well the model fits the training data, and a regularization term, which penal-
izes model complexity to prevent overfitting. The general form of the objective function is
as follows:

L(θ) =
n

∑
i

l(yi, ŷi) +
K

∑
k=1

Ω( fk) (2)

where l(yi, ŷi) is the loss function based on the difference between the true value yi and the
predicted value ŷi, while the regularization term Ω( fk) discourages too complex trees. In
our case, we have used cross entropy for l(·).

When deciding how to split the nodes in the tree, the information gain for every possible
split is calculated. In the canonical form, the information gain for a split is calculated as:

Gain =
1
2

[
G2

L
HL + λ

+
G2

R
HR + λ

− (GL + GR)
2

HL + HR + λ

]
− γ (3)

where GL and GR are the sums of gradients in the left and right child nodes, respectively,
while HL and HR are the sums of Hessians in the left and right child nodes, respectively.

To incorporate the prior knowledge on crop rotation in the XGBoost model, we have
made the following changes:

• The loss residual error, l(·), is not from yt, ŷi(xi) directly, but from ̂yi(xi, yt−1). yt−1 is
the previous crop in the same location:

l(yi, ŷi) = CE(yi, ŷi) + CE(1 − R[yt−1,i], ŷi) (4)

where R[i, yt−1] is the vector of rotation probabilities corresponding to the crop grown
in the previous year at pixel i

• the gradient and the Hessian are penalized if a tree sets the same prediction as the
previous (i.e., yt−1 == ŷi): G = G · α and, respectively, H = H · α, where G and H are
the gradient total magnitude and respective hessian magnitude for an entire tree. The
α constant is chosen to control the penalty. While values between 1.4 to 3.0 showed
beneficial effect, the preferred value is 2.0.

It should be noted that both used classifiers, RF and XGBoost, are able to predict the
output as class probabilities.

The crop identification may be alternatively enhanced by incorporating crop rotation
information. A simple way is to add it as a feature in the training set; however, in the
evaluation, this approach has been found less effective.

Post-Prediction Processing with Crop Rotation Information

To further improve classification accuracy, crop rotation information was incorporated
during the testing phase. While the rotation pattern for the DACIA5 dataset is known
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(see Figure 3), it is limited in scope, and our goal was to generalize the study beyond this
specific case. Hence, a procedure was developed.

Specifically, after the classifier produces a probability distribution over all crop classes
for each pixel, this distribution is adjusted based on the crop rotation probabilities derived
from agronomic knowledge. The rotation matrix R, built from historical crop rotation data,
encodes the likelihood of transitioning from one crop to another from one year to the next.
For each pixel, the adjusted predicted label yrotation for pixel i is obtained as follows:

yrotation,i = arg max
(
probsi × R[yprevious,i]

)
(5)

Here, probsi is the vector of predicted probabilities for pixel i from the chosen classifier,
R[i, yprevious] is the vector of rotation probabilities corresponding to the crop grown in the
previous year at pixel i, and the multiplication is performed element-wise. The label with
the highest product value after this adjustment is selected as the new prediction.

The rotation matrix R was obtained using the following formula:

Rij =

(
rmax + 1 − Cij

)α

∑n
k=1(rmax + 1 − Cik)

α (6)

where Cij, whose values are represented in Table 1, is a matrix that gives a score to each crop
pair depending on the likelihood that that rotation will occur, rmax = 5 is the maximum
score within the C matrix, and the parameter α adjusts how strongly these tendencies
influence the probabilities.

Table 1. Crop rotation difficulty scores representing the relative ease of rotating from one crop
(indicated by the row) to another crop (indicated by the column). Each score reflects the tendency or
suitability of a given crop rotation. A value of 1 denotes a highly favorable rotation practice, while
5 signifies a rotation that is less advisable.

From

To
Wheat Corn Pea Potato Sugar Beet Rapeseed

Wheat 5 4 1 1 1 1

Corn 2 5 1 3 1 1

Pea 1 1 5 1 1 3

Potato 1 3 1 5 4 1

Sugar beet 1 1 1 4 5 1

Rapeseed 3 1 3 1 1 5

In Table 1, scores range from 1 (very favorable) to 5 (very difficult), reflecting the
relative ease or advisability of rotating from one crop to another. For instance, rotations
involving legumes such as peas followed by cereals like wheat or corn are highly favored
(score = 1) due to their nitrogen-fixing capacity [30,56,57]. Conversely, rotations between
cereals themselves, such as wheat and corn, receive lower ratings (score = 4), owing to
limited benefits in terms of soil nutrient dynamics and the potential build-up of shared
pests and diseases [58,59].

Alternative rotation matrices may be determined by selecting random values based
on probabilities proportional to rotation scores.

3. Results
In the methods section we have introduced, mainly, two core contributions, which

can be further extended. The core contributions are Sentinel Pixel Simulation and Crop
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identification based on crop rotation models. Before developing the experimental results,
we provide details of implementation.

3.1. Implementation

All computations were performed using Python version 3.10.12, with libraries such as
NumPy (v1.21.5) and SciPy (v1.9.1) for numerical calculations and Monte Carlo simulations.
The XGBoost classifier was implemented using the XGBoost library (v3.0.2), while the
Random Forest classifier was based on scikit-learn (v0.19.2).

The DACIA5 dataset includes approximately 3.5 million real pixels, along with 2.5 syn-
thesized pixels. Various scenarios were tested, but on average, a full training/testing
cycle took about 1 h for the Random Forest model. XGBoost, which benefits from a more
optimized implementation, required approximately 100 s after data loading. For XGBoost,
we ensured that the modified loss function relied on vectorized operations to avoid moving
data between the built-in C backend and Python; otherwise, it may take up to 9 h.

No GPU acceleration was used, and all experiments were conducted using single-
threaded processing.

3.2. Sentinel-2 Pixel Simulation

Sentinel-2 Pixel Simulation with crop dependence is evaluated in two scenarios. First,
in this subsection, we compare how similar the simulated pixels are to the original ones. In
the next subsection, we examine their impact on crop identification.

The similarity of simulated pixels with original pixels is based on the Mahalanobis
distance. The Mahalanobis distance is a measure of the distance between a point x and a
distribution Q; oftentimes, the distribution Q is assumed to be multivariate Gaussian of µ

mean and Σ covariance matrix. It is calculated as follows:

MD(x,Qµ,Σ) =
√
(x − µ)TΣ−1

1 (x − µ) (7)

The MD is a multivariate generalization of the square of the standard score computed as:

z =
x − µ

σ
(8)

The standard score shows how many standard deviations away x is from the mean of
Q. This property makes it suitable to compare compactness and sparsity among clusters
originating in differently dimensional spaces such as the 12-dimensional multispectral
Sentinel pixel space.

In this subsection, we model the original pixel density function as a Gaussian and
compute (i) the distance from every original pixel to the original pixel density and (ii) the
distance from every simulated pixel to the original pixel density. The histogram of distances
may be followed for the three main crops in Figure 6.

Before analyzing the results, it is important to emphasize that during the simulation
process, the dimensions corresponding to spectral bands are generated sequentially, each
assuming correlation only with the previously considered band. No multiband correlation
or joint dependence is modeled, due to the limitations of the Gibbs Sampling approach (as
explained in Section 2). In contrast, the Mahalanobis distance is a multidimensional metric
that compares a 12-dimensional pixel to a distribution defined in the same 12-dimensional
space. In this computation, inter-band correlations are fully accounted for, based on the
original data statistics, and no further modeling constraints are imposed.

Several observations can be made regarding the results. First, we note that for all crops
shown, the behavior of the simulation is consistent. A small percentage of the simulated
pixels overlap with the original distribution, while the majority are slightly farther away.
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Considering that original pixels are typically within a Mahalanobis distance of five from
the center of the original distribution, the synthesized pixels span a larger range: up to
10 times that distance for wheat (and similarly for peas, potatoes, and sugar beet), 5 times
for corn, and 6 times for rapeseed.

Figure 6. Mahalanobis distances to original pixels from original pixels and synthetic pixels.

A second observation is that the relevance of synthesized pixels depends on the
intended application. For example, when preparing a dataset to train a classifier, it is
beneficial to include pixels that are somewhat farther from the original distribution to fill
gaps between crop clusters. We stress that synthesized data is expected to differ from real
data, but within reasonable bounds. There are two key limitations to consider:

• If the synthesized data is too similar to the original, it adds little value during the
machine learning process, as it merely replicates existing patterns without expanding
the feature space.

• If it is too different, it may introduce unrealistic crop representations, potentially
confusing the classifier and degrading performance.
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Therefore, a balance must be struck between generating data that is “too similar” and
data that is “too different”.

In our experiments, we considered pixels up to three times the original distance.
However, if a larger number of crops are included, a lower threshold might be more
appropriate, as the feature space could already be well covered. Conversely, if the goal
is to obtain pixels highly similar to the original—such as for generating clean clusters or
histograms—only pixels within the original range should be selected.

3.3. Crop Identification

For crop identification, evaluation is performed under two scenarios. The first scenario
involves testing exclusively on real data from the DACIA5 dataset. Within this scenario,
two cases are considered: (1) testing on the 2022 data, which includes actual previous crop
information, and (2) testing on the first available year (2020), where the previous crop is
synthesized using a model that more closely reflects a commercial farming setup. Crop
identification only inside DACIA5 scenario is referred to as the “DACIA5 Test”.

The second scenario involves testing on a dataset with a different crop distribution.
Here, the distribution of the test set is modified using synthesized pixels to match national-
level crop proportions. This scenario is referred to as the Romania Test.

3.3.1. DACIA5 Test

In this scenario, the baseline version consists of using all data from a selected test
year, while data from the remaining years are included in the training set. When testing
is performed on the 2022 data, the previous crop labels are real; however, for 2020, the
previous labels are synthesized using various rotation matrices.

When synthesized pixels are added to the training set, the goal is to balance class
distributions. Given that corn and rapeseed are naturally more frequent, the proportion of
the other three crops was increased to approximately 10%.

The comparative performance when testing on 2022 data is shown in Table 2. As a
general trend, the classifiers perform similarly, with XGBoost having a slight advantage,
particularly due to its faster execution. A well-designed rotation model (R1 Figure 7)—where
the current crop differs from the previous one—improves recognition accuracy. In contrast,
scenarios where the current crop is the same as the previous (as seen in the DACIA5 dataset
due to research-driven practices—R0 Figure 3) offer less benefit. Adding synthesized data
also contributes to improved performance, though the impact in this case is relatively modest.

The comparative performance when testing on 2020 data with synthetic previous crop
is shown in Table 3. The rotation models used to synthesize previous labels are R1 (Figure 7)
and R2 (Figure 8).

Table 2. Evaluation on 2022 data. The rotation models are R0 (Figure 3) and R1 (Figure 7).

Classifier Rotation Model Synthetic Accuracy [%]

XGB No No 56.06
XGB Post-R0 No 55.68
XGB Post-R1 No 63.06

XGB-loss default No 58.54
XGB-loss def + post-R1 No 64.15
XGB-loss def + post-R1 Yes 66.61

RF No No 55.12
RF Post-R0 No 55.36
RF Post-R1 No 63.26



AgriEngineering 2025, 7, 259 16 of 25

Figure 7. R1—A rotation model obtained after applying the formula (6) with α = 1.2. The model was
used to improve the classification output and the results can be seen in Tables 2, 3 and 4.

Figure 8. R2—A rotation model obtained with more randomness. The model was used to improve
the classification output and the results can be seen in Tables 3 and 4.

Table 3. Evaluation on 2020 data. Rotation model R1 is the one from Figure 7.

Classifier Rotation Model Synthetic Accuracy [%]

XGB No No 58.25
XGB Post-R1 No 61.90
XGB Post-R2 No 63.26

XGB-loss default No 58.92
XGB-loss def + post-R2 No 61.75
XGB-loss def + post-R2 Yes 67.15

RF No No 58.25
RF Post-R1 No 61.94
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Table 4. Evaluation on 2020 data combined with synthetic to match the relative distribution specific
to Romania.

Classifier Rotation Model Synthetic Accuracy [%]

XGB No No 65.64
XGB Post-R1 No 66.14

XGB-loss default No 68.15
XGB-loss def + post-R1 No 67.95
XGB-loss def + post-R1 Yes 70.15
XGB-loss def + post-R2 No 69.22
XGB-loss def + post-R2 Yes 71.14

RF No No 64.22
RF Post-R1 No 65.96
RF Post-R1 Yes 68.04

After these result analyses, the general trend continues: comparable classifier per-
formance; more diverse rotation; better improvement; not all rotation information can be
added. Again, by adding synthesized data, performance improves, although the impact in
this case is more pronounced.

To emphasize the effect of rotation, we also considered more detailed evaluation,
where each of the years is taken into test one at a time. Rotation data is the one from
Figure 7. No synthetic data is used, and the results presented in Table 5 highlight the
consistent benefit of integrating crop rotation knowledge into the classification process.
Specifically, when comparing the “Real pixels (no rotation)” scenario to the “Real pixels
(with rotation)” scenario across all years, it is evident that the inclusion of rotation-adjusted
probabilities generally leads to improved classification performance.

Table 5. DACIA5: RF cross-validation across crop years (2020–2024) under four classification sce-
narios. The first row uses only real observed pixels without crop rotation post-processing. The
second row applies crop rotation constraints using the rotation probability matrix. The last two rows
introduce synthetic data (e.g., generated or augmented) combined with real pixels, evaluated both
without and with rotation constraints.

Setup/Year
Accuracy [%]

2020 2021 2022 2023 2024

Real pixels (no rotation) 58.25 43.38 55.12 63.89 28.80

Real pixels (with rotation) 61.94 45.18 63.26 62.56 34.17

For four out of the five years (2020, 2021, 2022, and 2024), the accuracy increases when
rotation constraints are applied. For example, in 2020, the accuracy rises from 58.33% to
61.94%, and in 2022—from 55.12% to a notably higher 63.26%. These gains reflect the
ability of the rotation probability matrix to correct or regularize the classifier’s outputs
by leveraging agronomic transition likelihoods. This post-processing step helps reduce
confusion between crops that are unlikely to follow each other, effectively embedding prior
domain knowledge into the decision pipeline.

The only exception is 2023, where a slight decrease in accuracy is observed after
applying rotation (63.89% without vs. 62.56% with rotation). This deviation, although
marginal, may suggest that the model’s raw predictions in that particular year were already
strongly aligned with the true crop transitions or that rotation patterns in 2023 diverged
from historical norms captured in the matrix.

The results of the rotation are shown in Figure 9, which presents a visual comparison
across three classification outputs over distinct spatial crop regions. The figure is organized
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into three columns: the first displays the ground truth labels for each selected region,
serving as the reference standard, the second column shows the predictions made by the
classifier without the use of crop rotation constraints, while the third column integrates
domain knowledge through a crop rotation probability matrix, adjusting predictions based
on the previous year’s crop.

From the comparison, it is evident that incorporating crop rotation information im-
proves classification in several cases. Notably, some pixels initially misclassified as corn are
correctly re-identified as sugar beet, and rapeseed is more accurately retrieved from former
wheat fields, reflecting agronomic plausibility in crop succession. However, despite these
improvements, the post-rotation predictions are not universally accurate. Certain areas
still exhibit confusion, particularly in regions where spectral signatures overlap or where
rotation probabilities are less definitive.

Figure 9. Classification output for different crop regions with and without rotation compared with
the ground truth.

In addition to the visual assessment, the quantitative evaluation presented in the con-
fusion matrix (Figure 10 right) corroborates the observed improvements seen in Figure 9.
The comparison between the matrices before and after rotation (Figure 10 left) highlights
that the crop rotation notably reduces misclassifications between agronomically linked
crop pairs. Specifically, the confusion between sugar beet and corn diminishes, and sim-
ilarly, the classification of rapeseed versus wheat improves, aligning with common crop
succession practices.
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Figure 10. The confusion matrix before rotation (left hand side) and after using the rotation model.
The best solutions for testing on 2022 are shown.

3.3.2. Romania Test

In this scenario, the testing set consists of all pixels from the DACIA5 dataset for the
year 2020, extended to match the nominal crop distribution using synthesized pixels. All
pixels from the other years are included in the training set, and, when specified, synthesized
pixels are also added to balance the distribution, as previously described. For the training
set, all previous crop labels are generated using a rotation model (which may be either R1
or R2). The results are shown in Table 4.

With regard to the results obtained on the dataset expanded using synthesized data
to reflect the national Romanian crop distribution, several important observations can be
made. First, it is worth noting that synthesized data has been included in both the training
and testing sets. As highlighted by the Mahalanobis distance analysis, these synthetic pixels
may differ slightly from the real ones in spectral characteristics. However, we consider
this a realistic and meaningful condition, as datasets collected from different geographic
regions often exhibit specific, localized features. From a machine learning standpoint, this
variation can be advantageous, since the classifier is exposed during training to examples
that are similar in nature to those it will encounter during testing.

This setup mimics real-world applications, where models trained on one region or
dataset are expected to generalize to others. The slight discrepancies between synthetic and
real data serve to improve the robustness of the learning process rather than detract from it.

In addition to these considerations, we emphasize the overall consistency observed
in the experimental results. When both classifiers—Random Forest and XGBoost—were
applied under the same conditions, their performance levels were generally aligned, with
XGBoost showing a slight edge, particularly in terms of speed. The inclusion of crop
rotation information contributed significantly to improved recognition accuracy. This
improvement was more pronounced in scenarios where crop rotation patterns were diverse
and the likelihood of a crop repeating from the previous year was lower. In contrast, less
diverse or repetitive rotation patterns offered fewer benefits.

Moreover, when additional synthetic data was introduced—entirely independent
between the training and testing sets—the positive effect on identification performance
became even more noticeable. This reinforces the idea that both data augmentation and the
intelligent use of prior agronomic knowledge (in this case, crop rotation models) can be
effective strategies to boost classification performance in agricultural remote sensing tasks.

4. Discussion and Limitations
The methodology, solutions, and conclusions presented in this study have certain limi-

tations, which we aim to analyze in this section. However, let us first review some findings.
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One key insight is that incorporating previous crop labels improves classification per-
formance, particularly when implemented through a custom loss function that penalizes
deviations from historically plausible transitions. This aligns with prior work showing
that temporal context enhances crop identification [60,61]. Our results extend this line of
research by simulating realistic crop sequences and evaluating their effect on classification
performance without the need for long, labeled time series. Since crop rotations are well
established, models such as Random Forests that account for heterogeneity in crop classifi-
cation have been previously used [9]. A common approach relies on Markov chains [11].
We adopt a similar conditional Markov chain model, but introduce a different method for
incorporating previous crop data. Nonetheless, our findings are consistent with previous
studies [9,11,18,60,61], which highlight that modeling heterogeneity in crop prediction
contributes to improved accuracy.

4.1. Rotation Model

Crop rotation is a well-established agricultural practice aimed at improving soil quality
and mitigating environmental degradation. Although it has been used for a long time, it is
still not fully understood or optimized. Many research groups continue to study specific
aspects of rotation—such as its effects on nutrients, water usage, and yield [29,33,38,58,62].
Their findings may further refine or even challenge current rotation models.

Moreover, what is optimal from an environmental perspective is not always optimal
from an economic one. In some regions, certain crops are more economically viable than
others. Climate change and shifting market demands can also lead to changes in which
crops are cultivated, requiring rotation patterns to adapt. For instance, the Bârsa pre-
montane plain—which has been known locally as the “Potato Country”—sees increasing
temperatures which translate to a higher percentage of land being cultivated with wheat,
corn, and rapeseed, while the percentages of land with potato and sugar beet decrease.
Agricultural engineers and farmers must balance ethical principles with practical consider-
ations, meaning the actual application of crop rotation may vary over time. These factors
can influence the applicability of our proposed methodology.

A main limitation of the model assumed is that the simulated data assumes ideal
rotation logic, while in real-world scenarios, crop changes depend on many uncertain
factors (economic, environmental, etc.). Moreover, while synthetic labeling helps explore
model behavior, it does not fully replace the complexity and variability of real annotated
datasets [63]. A future direction would be to integrate rotation probabilities derived from
historical geospatial records, such as national registries.

4.2. Data Specificity

Our study uses data collected from a specific geographic location, which introduces
some inherent limitations. While we have made efforts to ensure generalization, certain
data characteristics—some of which are not yet fully understood—may limit broader appli-
cability. For example, wheat varieties are adapted to particular climates and terrains [64,65].
Wheat grown in lowland, humid areas differs from wheat grown at higher elevations,
which can affect both identification and data synthesis [64].

To address this, we introduced the Mahalanobis distance as a control mechanism to
guide how similar the synthesized data should be to the original. If geographic or climatic
conditions change and it is known that the data should diverge, this can be reflected by
adjusting the Mahalanobis distance parameter accordingly.
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4.3. Synthesis by Monte Carlo

In the pixel synthesis process, we employed a Gibbs Sampler under the assumption
of only pairwise conditional dependence. This is a limiting factor, as a full joint model
capturing dependencies across all 12 dimensions would likely yield more accurate results.

However, when the dependence structure is complex or poorly specified—and the
space is high-dimensional with strongly correlated variables—Gibbs Sampling tends to
be inefficient and potentially inaccurate [45,46]. The underlying issue stems from the fact
that Gibbs Sampling updates one dimension at a time. In cases of high correlation, this
results in the sampler navigating a narrow ridge in the joint probability space, leading to
extremely slow mixing. Consequently, the sampler may require a large number of iterations
to converge and can become “stuck” in subregions of the state space, failing to explore
other plausible configurations.

Alternative methods capable of modeling more complex dependencies—such as
SMOTE (Synthetic Minority Oversampling Technique), Variational Autoencoders (VAE),
and Generative Adversarial Networks (GANs)—are available [47]. However, these tech-
niques generally demand larger datasets and are considerably more complex to implement.

4.4. Machine Learning Perspective

From a machine learning standpoint, our study focused on two classifiers that pro-
duced similar results, supporting the general validity of our conclusions. However, many
other learning algorithms exist, and applying them may lead to slightly different outcomes;
previous works in the same direction included Random Forest [9], neural networks [18],
and other classifiers. This presents an opportunity for future exploration and validation
using alternative models.

Crop relative frequency often varies by region. Some areas are well known for grain
production, while others specialize in fruits or vegetables. From a machine learning
perspective, distinguishing between crop types typically benefits from a more balanced
dataset. However, the need for class balance depends on the specific learning algorithm
used. Algorithms like Gradient Boosting Machines and Random Forests are generally more
tolerant of class imbalance, while others—such as Support Vector Machines—are more
sensitive to it. Therefore, when using data synthesis to improve crop identification, the
approach should be tailored to the specific classifier employed.

Another point is model generalizability. Although the custom XGB loss improves
performance on known crops and regions, its parameters (e.g., penalty weighting) may
require tuning for different landscapes or cropping systems. This introduces a trade-off
between model complexity and interpretability, as also noted in other learning approaches
for agriculture [66,67].

Finally, while the proposed method does not introduce a new classification algo-
rithm, it demonstrates how prior agricultural knowledge can be embedded into modern
classification frameworks in a principled way. This highlights an opportunity to bridge
remote sensing with agronomic modeling—an intersection still under-explored in many
operational systems.

5. Conclusions
In this paper, we analyzed the impact of a crop rotation model on the crop identification

problem. We began with an accurately annotated dataset, DACIA5, and, recognizing its
limitations, introduced a synthesis mechanism capable of generating realistic pixels for known
crops. This allows the crop distribution to be reshaped to match any desired scenario.

To study the implications of incorporating a rotation model into identification, we
proposed a method for synthesizing previous crop labels for any simulated pixel. The crop
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rotation model is then integrated with the classifier. Specifically, for the Gradient Boosting
Machine, we embedded the concept of crop change into the loss function by penalizing
predictions that repeat the previous year’s crop.

All proposed solutions were tested on both real and simulated data with positive
results. We found that the simulated pixels closely resemble real ones, and the Mahalanobis
distance can serve as both a similarity measure and a control mechanism during data
generation for targeted purposes. Regarding the rotation model, it encodes the prior
assumption that the same crop is not typically cultivated on the same parcel in consecutive
years. When properly incorporated, this information improves the overall recognition rate.
The use of simulated pixels further enhances performance—by up to a notable 10%.
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