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Abstract. Problems related to the environment are increasingly com-
monly known and consequently also technology is adapting to find suit-
able solutions. The ancestral technique of crop rotation was identified as
a solution to address the problems related to pollution due to intensive
food production (i.e. using fertilizers and pesticides). To ensure that this
technique can actually improve food production, it is necessary to under-
stand how modern technologies can support it; in particular the analysis
of crop rotation can support farmers in decision making process and the
optimization of farm management practices. The aim of this paper is
to investigate how predictive process monitoring techniques can enhance
crop rotation strategies by leveraging Agriculture 4.0 through real-time
monitoring, resulting in more accurate and adaptive strategies. It is a
position paper that proposes research questions for further study, which
may help to develop the research area.

Keywords: Predictive Process Monitoring · Crop Rotation · Machine
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1 Introduction

The expected increase of the world population by about one third by 2050 leads
directly to an increase in the demand for food [18]. Fertilisers and pesticides are
employed to meet this ever-increasing demand, by preventing diseases that could
cause a drastic reduction in production outputs. However, this new system of
food production, without technological interventions or containment measures,
will lead to an expected increase in pollution of 50-92% [18], causing environ-
mental problems and not meeting the growing demand for food [4].

In this scenario, crop rotation can help in reducing the use of pesticides
and fertilizers, meeting the needs of sustainable agriculture. Crop rotation is
an ancestral agricultural technique that involves the successive cultivation of
different crops in a specified order in the same field [1]. It allocates fields to
different crops and selects the appropriate crop type [20]. Therefore, predictions



2 S.Fioretto et al.

about crop rotation sequences could support the farming system management
in targeting production strategies. However, forecasting a suitable cropping plan
is difficult due to the co-existence of many factors, such as weather, soil type,
diseases, and pests, which strongly impact crop growth [7].

However, [20] suggests the use of detailed spatio-temporal data to improve the
prediction of crop rotation sequences. Many proposed approaches leverage both
spatial and temporal data, either alone or in combination. By modelling the crop
sequence as a process, and integrating multi-dimensional and time-series data
using event logs, it is possible to apply Predictive Process Monitoring (PPM) [2]
to predict the crop rotation sequence. PPM is a subset of Process Mining (PM)
techniques that use event log data to predict process behaviour [15,14].

This aim of this position paper is to present existing and emerging agricul-
tural approaches, to identify related issues and to raise research questions. The
structure of the paper is the following: in Section 2 we provide an overview of
the current state of the art. In Section 3, after identifying the gaps that require
further investigation, the research questions are discussed along with related
comments. Finally, in Section 4, we present concluding remarks.

2 State of the art

The aim of this section is to introduce Process Mining, Prediction Techniques,
and Predictive Process Monitoring methods used in agriculture.

2.1 Process Mining techniques

Process Mining (PM) is a research field that uses event logs to gain insights into
business processes. PM includes process discovery (generating a model from an
event log), conformance checking (comparing a process model with an event log
of the same process) and process enhancement (improving a process model by
using information from recorded processes in the event log) [21].

In [11] the authors utilise PM techniques to investigate user behaviour when
employing decision support systems (DSS). The study specifically targeted farm-
ers who used DSS for cultivar selection. The system assists farmers in selecting
cultivars based on their characteristics, which can be used to identify potential
features to add, when redesigning the system.

In [12] the authors combine PM and simulation-based technology to redesign
processes. They use a bottom-up approach to identify processes and their per-
formance from process data. Then, simulation on future performances of the
process is employed to support the redesign phase. Finally, the approach is as-
sessed on a web-based DSS in a Dutch agriculture organization, gaining insight
into damages caused by parasites and the related financial consequences. Con-
clusions report that the redesign phase can benefit from potential performance
gains.

The approaches analysed so far are summarised in Table 1. Therefore, it is
clear that PM in the agricultural field is mainly used to identify the processes
underlying the DSS used by farmers, using process discovery techniques.
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Study Approach Task

[11] Process Discovery User Behavior

[12] Process Discovery and Simulation BP Redesign
Table 1. Process Mining methods

2.2 Prediction techniques

The proposal [9] predicts the crop yield at the end of the cropping season on ten
crops. They merge 2 data-sources, one for agricultural production data, and one
for weather information data. Then, they compare regression methods, such as
Multiple Linear Regression, M5-Prime Regression Trees (RT), Perceptron Mul-
tilayer Neural Networks, Support Vector Regression, and k-Nearest Neighbor,
finding the best attribute subset for each method using a complete algorithm.
The techniques were then evaluated using Root Mean Squared Error (RMSE),
Root Relative Squared Error (RRSE), Correlation Factor (R), and Mean Abso-
lute Error (MAE) metrics, showing M5 as the best tool.

The authors [17] predict crop yield under soil salinity effects, using vegeta-
tion indices and Stepwise Linear Regression (SLR) derived from satellite images.
Firstly, they create crop pattern maps of the area and extract field types using
object-based classification. Secondly, they predict crop yield and map soil salin-
ity. Finally, they investigate the correlation between yield loss and soil salinity.

The authors [10] predict crop yield before sowing, considering rainfall and soil
characteristics. First, they use historical rainfall data to forecast future rainfall
quantities using ARIMA and Exponential Sequencing. Since rainfall data are
seasonal, a time-series analysis approach takes into account the trend. Second,
they use Recurrent Neural Network (RNN) to learn crop yield patterns based on
soil properties. Finally, the RNN uses the previous predictions on rainfall and
soil type to predict crop yield.

The study [19] proposes various data mining techniques for predicting crop
yield in the agricultural domain based on rainfall data. After selecting the rel-
evant features, the authors focus on using regression techniques to develop a
predictor model. The dataset used contains information on crop type, season,
year, crop coverage area, and production.

The authors in [16] propose a framework. First, they combine LoRa Wireless
Sensor Networks (WSN) with short and medium area coverage to collect and
organise data in time-series. Then, they apply ARIMA prediction model for
predicting future complications in production and propose a notification system
to support corrective actions and achieve a better crop yield. Finally, they do 3
experiments to analyze the proposed framework.

The proposal [8] considers pre-crop values and crop rotation matrices. The
latter contains factors having a positive or negative effect on the next crop,
mediated through the soil. First, they train an XGBoost Regressor to predict
crop rotation matrices using Normalized Difference Vegetation Index (NDVI)
around harvesting time. They used satellite image data combined with weather,
soil, and land-use data to identify yield-enhancing crop combinations. Results
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show that the proposal can support farmers in adapting their crop rotation to
local requirements and potential crops. However, its limitation lies in the use of
the NDVI indicator for yield potential, as it measures plant land cover and also
evaluates weeds.

The authors in [13] propose a two objective approach. First, they find the en-
vironmental factors that influence crop productivity and suitability. Then, they
use six different tree-based ensemble learning models namely, Random Forest
(RF), Gradient Boosting, AdaBoost, XGBoost, LightGBM, and CatBoost to
predict crop suitability and productivity. The input data include environmen-
tal conditions, such as soil and climate measurements, and their impact on crop
growth. The evaluation of the models on accuracy, precision, recall and F1-score,
show that XGBoost and LightGBM outperform AdaBoost and RF.

The analysed approaches are summarised in Table 2. They are mainly focused
on crop yield prediction, mostly using techniques for analysing and predicting
time series data. Some studies also integrate Machine Learning (ML) and Artifi-
cal Neural Networks (ANN), either alone or in conjunction with ARIMA models.

Study Approach Prediction Task

[9] Regression Methods Crop Yield

[17] SLR Crop Yield

[10]
ARIMA

Exponential Sequencing
RNN

Crop Yield Patterns

[19] Regression Methods Crop Yield

[16] ARIMA Deviations

[8] XGBoost Crop Rotation Matrices

[13] Tree-based Ensemble Learning
Crop Suitability
Crop Productivity

Table 2. Prediction approaches

2.3 Predictive monitoring approaches

Predictive Process Monitoring (PPM) is a subset of PM techniques, which lever-
ages event log data to predict the future behaviour of a process in execution
by using prediction algorithms [2]. In fact, event log data can integrate multi-
dimensional and time-series data, combining various factors affecting the crop
growth.

In [5] the authors based on crop history data, use PM techniques and Markov
Chains principles to predict and visualize the crop that will be planted in the
following year (n+1) for each field in the same geographic location. The method-
ology involved preparing the dataset and constructing Directly Follow Graphs
(DFGs) to depict crop relationships through PM. Subsequently, a prediction
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model was developed using the weights derived from DFGs to generate an asso-
ciated adjacency matrix. Finally, the transition matrix was estimated. Finally,
the model performs predictions using the transition matrix, the SVP dataset
and a coding dictionary. The evaluation of the model and presentation of the
results are done using DFGs.

In [22] the authors model the crop growth as a process. More in details, they
obtain crop harvest predictions by integrating static and dynamic information
on crop growth into a single data input, i.e. the event log. First, they define the
process model of crop growing process. Then, they use replay to merge various
input data into one event log. Then, they extract prefixes from the obtained
event log and group them into buckets , encoded as feature vectors with an
encoding mechanism chosen according to agronomic knowledge. Finally they
train statistical models for making explainable and transparent predictions. The
experimentation on a real-life data case study shows promising results.

The authors in [6] leverage Long Short Time Memory (LSTM) networks to
predict the most probable crop rotation scenario in a field. This is because crop
rotation is a sequence-based problem. The paper employs the Seq2Seq archi-
tecture on LSTM cells auto-encoder to address the problem of predicting the
most probable sequence of crops grown in a field, not only in year (n+1), but
also in year (n+x). The LSTM predicts both past and future scenarios. To pro-
pose plausible results, these predictions are compared with predictions from a
probability-conditioned model. The results of the two models are integrated.

PPM approaches analysed so far in the context of agriculture are summarised
in Table 3. Only a few approaches related to PPM are reported in the literature,
addressing 3 different tasks. In addition, they also focus on different approaches,
the first one relies on the application of PM to show the results based on relations
between activities with the use of DGF, and the second and the third ones use
SL methods and ANN respectively to make predictions.

Study Approach Prediction Task

[5]
Markov Chains

DGF
Crop Rotation

[22] SL Crop Harvest

[6] ANN (LSTM) Crop Sequence
Table 3. Predictive Monitoring Approaches

The above approaches using PPM or PM techniques rely on the transfor-
mation of collected data into event log. Therefore, the application of PM based
approaches can raise limitations related to data collection and transformation. As
a final point, the prediction approaches presented in Section 2.2 and Section 2.3
rely on datasets collected from multiple sources, depending on the prediction
task and the availability of data in the field.
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3 Research Challenges

Current research suggests that Agriculture 4.0, also known as the 4th agricul-
tural revolution, is gaining momentum with promising results, also supported
by digital transformation achieved by the introduction of new technologies. The
literature review in Section 2 clearly shows an increasing tendency towards the
application of PM techniques, Prediction Techniques, and PPM approaches.

Although not widely explored, PPM approaches could improve agricultural
forecasting by integrating time series data with multi-dimensional data, thus en-
abling online forecasting. Furthermore, PPM facilitates what-if scenario analysis
and the decision-making process. However, as previously mentioned, the appli-
cation of PPM requires both historical and online event log data from multiple
sources to be integrated. This integration is necessary to identify the features
that influence the crop prediction task and to obtain more accurate predictions.

Research Questions Current approaches in the literature raise questions about
the potential benefits of the application of PPM techniques in precision agricul-
ture. These observations trigger and motivate our following research questions:

RQ1: Which prediction task should be faced? (e.g. if the goal is to achieve
the maximum production, the prediction of the crop sequence is obviously
more influential than the prediction of crop harvest)
RQ2: Which approach should be used? (e.g., based on the prediction task and
on the available data, what approach should be used in the field of predictive
process monitoring? Are reported approaches showing better results than
others? Is the rationale of the prediction process important?)

Remarks This paper presents findings that open up fascinating possibilities for
future research. Section 2 provides an overview of the current state of the art,
indicating that PPM techniques have the potential to enhance crop predictions
by integrating time-series data with multi-dimensional data. However, limited
research studies suggest that further investigation is necessary. Since PPM pre-
dicts the future outcome of a process in execution [3], prediction results may
assist farmers in decision-making processes, e.g. by re-adapting the decisions on
crops based on possible predicted deviations.

The discussion of the above research questions could bring to important
results, having a strong impact on the implementation of PPM in agriculture:

– First, by identifying the prediction task it is possible to detect potential
future deviations (for instance a different crop production level than expected
before it happens), provide results and predict probable outcomes of the
crops (i.e., the crop yield, the crop harvest influencing the income), or to
recommend solutions (i.e., predict the crop sequence or crop rotation);

– Second, by identifying the possible prediction models to be used, it is possible
to conduct a comparative analysis of the models in order to choose the
one which fits the objectives of the research (i.e., the one respecting the
computational requirements and the interpretability of the model)
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4 Conclusion

In this paper, the issue of food increasing demand is addressed, including con-
cerns regarding environmental impacts. Among the available solutions, crop rota-
tion is widely identified as an ancestral technique that can address the aforemen-
tioned problem. Along with the use of advanced technologies, it can effectively
support farmers in field management. Therefore, predictive process monitoring is
identified as an emerging approach currently used to address this problem. After
providing a brief overview of the proposed approaches, we identified the issues
related to the application of predictive monitoring in the research field. These
issues are mainly related to the collection of input data. This, in turn, raises the
research question to be addressed as future work, which is mostly attributable
to identifying the predictive task to be addressed and the prediction model to
be assessed.

References

1. Castellazzi, M., Wood, G., Burgess, P., Morris, J., Conrad, K., Perry, J.: A
systematic representation of crop rotations. Agricultural Systems 97(1), 26–33
(2008). https://doi.org/https://doi.org/10.1016/j.agsy.2007.10.006, https://www.
sciencedirect.com/science/article/pii/S0308521X07001096

2. Di Francescomarino, C., Ghidini, C.: Predictive Process Monitoring, pp. 320–346.
Springer International Publishing, Cham (2022). https://doi.org/10.1007/978-3-
031-08848-3 10

3. Di Francescomarino, C., Ghidini, C., Maggi, F.M., Milani, F.: Predictive process
monitoring methods: Which one suits me best? In: International conference on
business process management. pp. 462–479. Springer (2018)

4. Dias, T., Dukes, A.E., Antunes, P.M.: Accounting for soil biotic effects on soil
health and crop productivity in the design of crop rotations. Journal of the science
of food and agriculture 95 3, 447–54 (2015), https://api.semanticscholar.org/
CorpusID:7890471

5. Dupuis, A., Dadouchi, C., Agard, B.: Predicting crop rotations using process min-
ing techniques and markov principals. Computers and Electronics in Agriculture
194, 106686 (2022)

6. Dupuis, A., Dadouchi, C., Agard, B.: Methodology for multi-temporal prediction
of crop rotations using recurrent neural networks. Smart Agricultural Technology
4, 100152 (2023)
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11. Măruşter, L., Faber, N.R., Jorna, R.J., van Haren, R.J.: A process mining approach
to analyse user behaviour. In: International Conference on Web Information Sys-
tems and Technologies. vol. 2, pp. 208–214. SCITEPRESS (2008)
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