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A B S T R A C T

Field operations management in grain production requires accurate and timely predictions of operation times for 
machine tasks. While machine learning (ML) is being adopted more widely in operations management, little is 
known about its ability to predict tilling and seeding operation times. The aim of this study was to evaluate the 
prediction performance of ML models for these operation times by using readily available tractor and operations 
data rather than dynamic environmental data. We collected data between March 2022 and August 2023 from 70 
grain fields in the southwest of Germany, including variables such as tractor speed, engine speed, fuel con
sumption, and field geometry. Operation times exhibited high variability (coefficient of variation [CV] = 0.88). 
Nine ML algorithms and two conventional mechanistic models proposed by the American Society of Agricultural 
and Biological Engineers (ASAE EP496.3) were evaluated in a temporal external validation. Random forest (RF) 
models outperformed all other models, achieving a normalized root mean square error (NRMSE) of 0.215 and a 
coefficient of determination (R2) of 0.910. Compared to a conventional mechanistic model, the RF model reduced 
the mean absolute error (MAE) by 37.8 %, and enhanced the R2 by 0.107. The study results highlight the po
tential of our approach to predict tilling and seeding operation times in grain production without increasing the 
effort for data collection, offering an accessible and cost-effective solution for resource-constrained grain farming 
systems that experience data shortages.

1. Introduction

Efficient grain production depends on the precise scheduling of 
machinery to carry out essential field operations, such as tilling and 
seeding, within specific agronomic time windows. Timely alignment of 
tilling and seeding with growth periods and weather conditions is 
important, as it has been shown to improve planting conditions and 
promote favorable crop development [9,13,33]. Conversely, delays or 
inefficiencies in machinery deployment for tilling and seeding can 
impare crop growth, which then leads to reduced yield potential and 
increased operational costs [12]. The scheduling of machines across 
fields with varying characteristics underscores the signifcance of orga
nized and adaptive scheduling practices [8,20,32]. Accurate predictions 
of tilling and seeding operation times enable better planning, resource 
allocation, and optimization of machinery deployment to meet those 
time-sensitive demands [9,23,31].

Previous studies on operation times prediction in grain production 
primarily focused on deterministic models, also referred to as mecha
nistic models, which estimate operation times based on field size, 

machinery specification, and task type [11,19,27]. These models 
employ predefined mathematical equations and logical rules grounded 
in physical relationships and engineering principles, and thus offer 
transparent and interpretable results that facilitate systematic compar
isons across different field conditions and machinery types. While these 
models can provide general estimates, they generally fail to account for 
the complex relationships within field operations. Factors such as field 
shape, terrain variability, and obstacles can influence operation times by 
reducing maneuvering efficiency, while variations in soil conditions and 
operator proficiency further compromise operational performance [6,
9]. Consequently, mechanistic models typically assume ideal or average 
conditions and do not readily adapt to the fluctuations introduced by 
real-world factors. Therefore, there is a need for more flexible predictive 
approaches that can capture these fluctuating variables and enable more 
accurate predictions of operation times.

Machine learning (ML) is increasingly being used to predict times 
and durations in grain production, such as harvesting time, growth 
stages, and machine scheduling, where field configurations, machine 
performance, and operation-specific variables play an important role [3,
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8,35]. These operation-specific factors, which are challenging to ac
count for using deterministic models, are better handled by ML algo
rithms that learn the intricate relationships between variables and the 
target outcome based on historical data. From an operational perspec
tive, ML models serve as decision-support tools that integrate historical 
field data to identify and quantify subtle patterns and variations in 
operational performance, thereby enabling more refined and accurate 
predictions to support scheduling and resource allocation.

Recent studies suggest that ML-based approaches can significantly 
enhance operational efficiency in agricultural machinery management. 
For instance, Bettucci et al. [7] demonstrated that using a Random 
Forest classifier enables accurate classification of machinery operational 
states during ploughing, thereby converting complex data streams into 
actionable insights for improved decision-making. Similarly, Fedrizzi 
et al. [17] developed an artificial neural network (ANN) model to esti
mate net operation time per unit area across fields of various shapes. 
Their approach, which considered factors such as working speed and the 
number of turnings, achieved a coefficient of determination (R²) of 0.63. 
In another study, Seyyedhasani and Dvorak [29] reformulated field 
work scheduling as a vehicle routing problem. Their method predicted 
operating times with a mean absolute percentage (MAPE) error between 
2 % and 6 % depending on routing.

Although previous studies have highlighted the potential of ML 
models in agricultural operations, to our knowledge, their usefulness has 
not yet been examined for tilling and seeding operations, and it remains 
unclear whether ML models are more accurate than deterministic 
models in this context. An important challenge are the additional costs 
for acquiring dynamic environmental data, such as weather data from 
external weather stations and soil conditions through manual sampling, 
and integrating data from various systems using different protocols and 
data formats. This challenge can be circumvented by exploring how 
readily available data from existing machinery and systems can be 
combined to maximize prediction performance. This approach would 
also avoid costly soil sampling and analysis. Furthermore, developers 
must still select appropriate ML algorithms and assess the contributions 
of various features to optimize model performance.

Against this backdrop, the objectives of our research are to (1) 
develop ML models for tilling and seeding operation times prediction in 
grain farming based on historical field data and machinery data, (2) 
compare the performance of these ML models to that of domain-specific 
mechanistic models [1], and (3) evaluate the impact of field charac
teristics, machinery types, and operator factors on prediction 
performance.

2. Materials and methods

2.1. Study area

The study used data from tillage and seeding operations performed 
on 70 grain fields in the southwest of Germany. Sixty-two fields were 
located in the district of St. Wendel in Saarland and managed by a 
commercial farm. The remaining eight fields were located in Baden- 
Württemberg and used by the University of Hohenheim for field trials. 
Field sizes ranged from 0.17 to 15.75 ha, with an average size of 2.48 ha 
(SD = 2.64 ha). Thiry-three fields (47 %) had at least five corners, with 
the shapes ranging from rectangles to more complex forms up to 16 
corners. Sixteen of the Wendel fields (19 %) were partially obstructed by 
trees, utility poles, or similar obstacles.

2.2. Experimental design

We employed a repeated-measures design to assess how the perfor
mance of different ML models compares to two domain-specific mech
anistic models. We examined nine different ML algorithms, namely: 
ANN, Elastic Regression (ELR), eXtreme Gradient Boosting (XGB), Lasso 
Regression (LAR), Multiple Linear Regression (MLR), Partial Least 

Squares (PLS), Random Forest (RF), Ridge Regression (RIR), and Sup
port Vector Machine (SVM). Models trained using these algorithms were 
compared both among themselves and against the mechanistic models. 
The mechanistic models were derived from a standard by the American 
Society of Agricultural and Biological Engineers. The standard ASAE 
EP496.3 is a reference framework for mechanistic modeling in agricul
tural machinery management, which provides standardized parameters 
that allow consistent and systematic comparisons with ML-based pre
diction models [1]. One of the mechanistic models, fixed tractor speed 
(FTS), was derived directly from the standard, whereas the second 
model, moving average tractor speed (MAS), was adapted from the 
original version by incorporating the moving average tractor speed.

2.3. Machine learning process

Fig. 1 shows the flowchart of the ML process. The process began with 
data collection on seeding and tilling operations, followed by data pre
processing to prepare the dataset for training. The dataset was then used 
to train nine ML models, each corresponding to a different experimental 
condition and algorithm tested, and the baseline mechanistic models. 
Finally, the models’ performance was evaluated using a temporal 
external validation. The validation ensures robust model generalization 
by preserving the natural temporal order of observations, which is 
crucial for non-stationary time series, where cross-validation may yield 
misleading performance estimates [4,14].

2.3.1. Data collection
The data collection for tilling and seeding operations on summer and 

winter wheat was carried out across two consecutive growing seasons, 
spanning from March 2022 to August 2023. In total, data for 259 op
erations were collected, including 118 tilling and 127 seeding opera
tions on the Wendel fields and 14 seeding operations on the Hohenheim 
fields.

Tilling and seeding operations were conducted using a fleet of trac
tors, including the Claas Arion 650, Fendt 314 Vario, Fendt 716 Vario, 
Fendt 720 Vario, and Fendt 724 Vario, in conjunction with seed drills 
(Kverneland E Drill and Horsch Express 3 KR) and the Lemken Karat 9 
cultivator. Each tractor was equipped with a real-time telemetry mod
ule, which continuously captured performance data for the machinery in 
use, including fuel consumption, engine rotation speed, and tractor 
speed. Furthermore, the telemetry module recorded positional data, 
including GPS-derived coordinates and elevation. Due to privacy con
cerns expressed by the participating farms, operator identifiers were not 
collected and therefore could not be considered as a feature.

The data were collected at a frequency of one reading per second and 
automatically uploaded to a network provided by EXA Computing 
GmbH (Hamm, Germany) for real-time processing. This data processing 
facilitated the detection of specific operational states, including active 
fieldwork, field turning, idling, preparation, and road transport. The 
processed data were exported as individual datasets for each operation 
and distributed through a cloud platform.

2.3.2. Data preprocessing
We transformed the collected data into features from which predic

tion models can be trained. The data preprocessing included data 
cleaning, data decomposition, and feature engineering.

During data cleaning we verified the completeness and validity of the 
data, adjusting where necessary. Our analysis was focused solely on the 
plausibility of the data; hence, no statistical outlier analysis was per
formed. Although no values were missing, we identified nine operations 
that had untrustworthy GPS positions or consisted of only a single ac
tivity state. To verify GPS data, we conducted a visual inspection using 
Google Maps satellite imagery and identified untrustworthy positions 
based on unusual jumps or locations in unlikely areas such as highways 
or built-up zones. Most anomalies occurred at the Hohenheim fields, 
possibly due to interference from nearby buildings. The presence of only 
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one activity state implied that the machine was merely engaged in a 
single activity, such as working or turning. Such observations likely 
resulted from technical issues or the use of unconventional cultivators or 
seed drills. In total, we excluded nine operations (3.5 % of the initial 
dataset) resulting in a cleaned dataset comprising 250 operations.

We performed a data decomposition by dividing each total operation 
time into discrete activities such as working and turning times to in
crease data granularity. The cumulative time of these activities 
comprised the total operation time, such as tilling and seeding. Each 
operation was segmented into working and turning phases, generating 
individual samples for each activity while excluding waiting times. 
Waiting times were omitted due to their independence from key de
terminants (e.g., machinery performance and field size), as they often 
stem from external factors like equipment malfunctions or adjustments. 
While this exclusion improves model focus, the predicted operation 
times reflect the controllable and performance-relevant portions of field 
work, and may slightly underestimate total field time in practical use, 
particularly in cases involving prolonged interruptions or irregular de
lays. Since tilling and seeding are sequences of working and turning 
activities, each field operation encompasses multiple instances of these 
activities. This decomposition enabled us to disregard field-specific de
terminants (e.g., field entrances, shapes, obstacles) because each sample 
in the dataset represented a single activity within the operation, inher
ently capturing these spatial determinants in the aggregated activity 
sum. This approach also allowed us to determine net working time, 
thereby enabling the assessment of field efficiency [17,23]. The data 
decomposition yielded 25050 distinct activities derived from the set of 
250 tilling and seeding operations.

In feature engineering, we defined seven continuous and six categor
ical features based on available data for operations management. Ta
bles 1 shows all 13 features used. Length (m) and Elevation (m) provide 
information regarding the dimensions, obstructions, and configuration 
of portions of a field. Straight-line distance (m) in contrast with Length 
(m), addressed the radius and diverse turning styles. Tractor speed (m/s), 
Engine speed (1000 rpm), and Fuel consumption (l/h) were interdepen
dent parameters that collectively characterized the machine’s power 
usage and output [10]. These activity-based features were calculated by 
averaging the activity values of the preceding field operations of the 
same type. Without such data, the mean value of all similar activities 
within the dataset was used as a proxy for farmers’ experience. Tem
poral dependencies were captured in the feature Week (n). Data on soil 
condition were not included in model training to ensure the develop
ment of ML models that operate independently of costly sensors or soil 
sampling. Collecting such data would have required additional re
sources, making large-scale implementation more challenging. Alter
native methods, such as weather-based estimations or existing sensor 
data, were evaluated but found to be either impractical or not 

sufficiently accurate. Instead, models were developed under the 
assumption that farmers generally perform operations under compara
ble, workable conditions for each tillage or seeding task. This approach 
enabled a cost-effective data collection strategy while maintaining the 
models’ applicability in agricultural settings.

As categorical features, we constructed Task type and Activity state to 
distinguish between tilling or seeding operations and working or turning 
activities. We created a field identifier Field-ID to cover all field differ
ences such as shape, field entry points, and obstacles summarily. Ma
chine-field-combination provided information about the specific tractor 
and drilling or tilling machine utilized. Additionally, we tracked the first 
deployment of each tractor-machine combination for each field (First use 
of machine-field combination on the field) and overall (First use of tractor- 
machine combination). Finally, we applied standard scaling to normalize 
all continuous variables and one-hot encoding to convert all categorical 
variables into binary format. The latter transformation increased the 
number of features from 13 to 86. The feature engineering for the 250 
tasks resulted in a dataset of 25050 samples (13132 samples for working 

Fig. 1. Flow chart of the machine learning process.

Table 1 
Constructed features.

Type # Feature Definition

Continuous 1 Length (m) Driven length of activity in meters
2 Elevation (m) Elevation gained while driving of 

activity in meters
3 Straight-line distance 

(m)
Shortest straight-line distance 
between the starting and ending 
point of activity in meters

4 Tractor speed (m*s− 1) Mean tractor speed of comparable 
tasks in m*s− 1

5 Engine speed (1000 
rpm)

Mean engine speed of comparable 
task in 1000 rotations per minute

6 Fuel consumption 
(l*h− 1)

Mean fuel consumption of 
comparable tasks in l*h− 1

7 Week (n) Week of the year in which the task 
was conducted

Categorical 8 Task type Tilling or seeding task
9 Activity state Working or turning
10 Field ID Field identifier based on 

characters and numbers
11 Tractor-machine 

combination
Tractor and machine combination 
identifier based on characters and 
numbers

12 First use of tractor- 
machine combination on 
the field

True if a tractor-machine 
combination was not used so far 
for an operation on that field, 
otherwise false

13 First use of tractor- 
machine-combination

True if a tractor-machine 
combination was not used so far 
for any operation, otherwise false
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activities and 11918 samples for turning activities).
In the last step, the dataset was split time-based into a training set (n 

= 20687; 82.6 %) and a test set (n = 4363; 17.4 %). The training set 
includes data from the nine months preceding August 1, 2023, while the 
test set consists of data from the following one month.

2.3.3. Model training
We defined each ML model as a combination of algorithm and its 

corresponding hyperparameter configuration trained on a fixed dataset 
[24]. Specifically, we employed nine algorithms available in Scikit-learn 
v1.2.2 [28]: ANN, ELR, XGB, LAR, MLR, PLS, RF, RIR, and SVM. We 
focused on standard algorithms commonly used and well-understood by 
most developers, prioritizing algorithms that are straightforward to 
implement and require less development effort compared to deep 
learning (DL) models. The number of features in our dataset is relatively 
low, making DL models less appropriate for this study. To optimize the 
performance of each algorithm, we specified ranges for key hyper
parameters, focusing on those deemed most influential for performance. 
Table 2 shows the hyperparameters used for each algorithm. Compu
tational times for model training were a few minutes only, using stan
dard ML hardware installed on a local machine.

Hyperparameter optimization was performed using grid search with 
ten-fold cross-validation, applying the techniques of Bergstra and Ben
gio [5] and Kohavi [25]. MLR and PLS were used without grid search as 
the hyperparameters provided are optimized for run-time efficiency and 
are not expected to affect performance. We assessed each configuration 
by mean absolute error (MAE), chosen for its clarity and direct inter
pretability in measuring prediction errors [2,21]. While grid search 
tends to be less efficient than random search [5], we constrained the 
hyperparameter ranges to reduce computation time.

To compare these ML models against domain-specific mechanistic 
models, we defined two baseline models. The baseline models were 
calculated by multiplying the activity length by a speed factor, which is 
either the moving average speed or a fixed speed within the typical 
ranges for tilling and seeding operations as defined by the American 
Society of Agricultural and Biological Engineers [1]. Table 3 shows the 
formulas used.

2.3.4. Model evaluation
Prediction models were evaluated on an external test set (n = 4363) 

that included new observations not used in the model training and 
chronologically succeeded the training data. To assess the performance 
of the models, we used the following standard metrics [15,34]: MAE, 

root mean squared error (RMSE), R², MAPE, and normalized RMSE by 
mean (NRMSE). Table 4 provides the formulas for these metrics. For the 
final model evaluation on the test set, the ML model with the lowest 
MAE and the baseline model with the lower MAE were selected.

3. Results

3.1. Statistics of observed variables

Table 5 provides descriptive statistics for the continuous variables. 
The target variable, activity time, ranged from 2 to 317 s, with an average 
value of 34.76 s, which aligns with expectations for the study fields. The 
coefficient of variation (CV), indicating variability, was high for the 
target variable (0.88), length (1.08), straight-line distance (1.32), and 
fuel consumption (0.50). Overall, the fields were highly heterogeneous 
in geometry.

Fig. 2 shows the correlation matrix for the continuous variables to 
identify monotonic relationships (Spearman rank correlation analysis). 
Activity time exhibited a very strong positive correlation with length (rs 
= 0.92) and a strong positive correlation with straight-line distance (rs =

0.70). Among the independent variables, notable correlations included 
fuel rate and tractor speed (rs = 0.82) as well as length and straight-line 
distance (rs = 0.85), both of which were anticipated. Elevation showed 
no correlations, while week showed a single weak negative correlation. 
In contrast, all other variables exhibited multiple correlations, with at 
least one reaching moderate strength. It is important to note that most of 
the used ML algorithms can also learn non-monotonic relationships 
[22]. Consequently, a lack of correlation does not imply that a feature 
has little relevance for prediction.

Table 6 presents descriptive statistics for the observed categorical 
variables. The majority of operations were categorized as seeding op
erations (56.41 %). Of the total field operation time, 53.42 % was spent 
in the working activity state. The distributions of categories for field ID 
and tractor-machine combination aligned with expectations. The first 
use of a tractor-machine combination accounted for 4.00 % of the ob
servations, while the first use for individual fields comprised 41.80 %.

3.2. Prediction performance using cross-validation (months 1 to 9)

Table 7 summarizes the cross-validation averaged results using data 
collected in months 1 to 9. The baseline models MAS (B1) and FTS (B2) 

Table 2 
Algorithms and hyperparameter ranges for the training of nine ML models.

# Algorithm Hyperparameter Range (first value is the default value)

ML1 ANN Activation 
Alpha 
Solver

[identify, logistic, tanh, relu] 
[0.00001, 0.0001, 0.001] 
[LBFGS, SGD, Adam]

ML2 ELR Alpha [0.1, 1.0, 10.0]
ML3 XGB C 

Epsilon 
Kernel

[1.0, 0.1, 10] 
[0.1, 0.01, 1.0] 
[RBF, Linear, Poly, Sigmoid]

ML4 LAR Alpha [0.1, 1.0, 10.0]
ML5 MLR - -
ML6 PLS - -
ML7 RF Bootstrap 

Criterion 
Estimators

[True, False] 
[squared error, absolute error] 
[100, 10, 10,000]

ML8 RIR Alpha [0.1, 1.0, 10.0]
ML9 SVM C 

Epsilon 
Kernel

[1.0, 0.1, 10] 
[0.1, 0.01, 1.0] 
[RBF, Linear, Poly, Sigmoid]

Note. ANN = Artificial Neural Networks, ELR = Elastic Regression, XGB =
eXtreme Gradient Boosting, LAR = Lasso Regression, MLR = Multiple Linear 
Regression, PLS = Partial Least Squares, RF = Random Forest, RIR = Ridge 
Regression, SVM = Support Vector Machine.

Table 3 
Baseline models.

# Baseline Definition

B1 Moving average 
speed

Length × Average tractor speed in similar previous 
operations

B2 Fixed tractor 
speed

For seeding operations: Length × 2.2 m/s For tilling 
operations: Length × 3.1 m/s

Table 4 
Performance metrics used in model training and evaluation.

Metric Definition Formula

MAE Mean absolute error 1
n
∑n

i=1

⃒
⃒yi − ŷi

⃒
⃒

RMSE Root mean square error ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1

(
yi − ŷi

)2
√

R2 Coefficient of determination
1 −

∑n
i=1

(
yi − ŷi

)2

∑n
i=1

(
yi − y

)2

MAPE Mean absolute percentage error 1
n
∑n

i=1

⃒
⃒
⃒
⃒
yi − ŷi

yi

⃒
⃒
⃒
⃒×

100
NRMSE Normalized root mean square error (NRMSE 

divided by mean observed value)
RMSE

y

Note. n = number of observations. y = observed value. ŷ = predicted value. ȳ =
arithmetic mean of observed values.
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showed differences in performance. MAS (B1) had an R2 of 0.841, with 
an MAE of 7.7 s, MAPE of 31.0 %, and RMSE of 11.0 s. FTS (B2) per
formed worse across all metrics, with a R2 of 0.794, MAE of 9.0 s, MAPE 
of 26.8 %, and RMSE of 12.6 s.

Among the ML models, all but one algorithm achieved an R2 between 
around 0.90 or 0.91, and they differed primarily in RMSE and MAPE. 
XGB (ML3) and RF (ML7) achieved the best performance with an R2 of 
0.910 and an MAE of 5.4 s. These models outperformed all other algo
rithms regarding MAE, MAPE, and RMSE. However, RF slightly out
performed XGB in both RMSE and MAPE, with values of 8.1 s and 23.8 
%, compared to 8.4 s and 24.5 % for XGB. Other models, such as ANN 
(ML1) and SVM (ML9), showed similar performance with MAE values 
ranging from 5.8 to 6.1 s and RMSE values of 8.6 and 8.7 s. In contrast, 
models like PLS (ML6) showed a larger performance gap (R2 = 0.842, 
MAPE = 40.6 %, and RMSE = 10.7 s).

3.3. Prediction performance in temporal external validation (month 10)

Table 8 shows the performance of the RF model and the baseline 
model MAS (B1), which were selected based on their performance in the 
cross-validation. The MAS model achieved an R2 of 0.803, MAPE of 26.1 
%, and NRMSE of 0.318 %. The RF model showed higher performance 
than the MAS model across all metrics (R2 = 0.910, MAPE = 17.4 %, and 
NRMSE =0.215). Scatter plots of observed and predicted activity time 
for each model are shown in Fig. 3.

To gain further insights into the role of specific features, we analyzed 
the relative importance of features as indicated by the Gini index for RF 
models. The following results were obtained for the test set. Length had 
the highest Gini index (91 %), followed by straight-line distance (4 %), 
cumulative field ID (2 %), and elevation (1 %).

4. Discussion

This study evaluated the performance of nine ML models in pre
dicting tilling and seeding operation times, using data from small fields 
in Southwest Germany. We found that ML models, particular RF, were 
more accurate than two domain-specific mechanistic models. ML models 
demonstrated their potential as cost-effective solutions for field opera
tions management by using readily available input data such as tractor 
speed, engine speed, fuel consumption, and field geometry.

Concerning the comparison of mechanistic models to ML models, all 
tested ML algorithms outperformed the deterministic models in the 
cross-validation. The ML models demonstrated R² values ranging from 
0.842 to 0.910, with a reduced MAE of 18.9 % to 36.4 % compared to the 
best baseline model (MAS: R² = 0.841; MAE = 7.7 s). This difference in 
performance can be attributed to the ability of ML algorithms to better 
capture the high variability inherent in tilling and seeding operation 

Table 5 
Descriptive statistics of continuous variables (n = 25050).

Variable Mean SD Min Max CV

Length (m) 79.55 85.65 0.12 816.31 1.08
Elevation (m) − 0.01 7.28 − 109.20 89.80 n/a
Straight-line distance (m) 68.28 90.38 0.03 786.47 1.32
Tractor speed (m*s− 1) 2.14 0.53 0.83 3.37 0.25
Engine speed (1000 rpm) 1393.49 148.97 930.06 1706.33 0.11
Fuel consumption (l*h− 1) 16.77 8.43 5.75 35.43 0.50
Week (n) 30.58 8.95 10.00 41.00 0.29
Activity time (s) 34.76 30.70 2.00 317.00 0.88

Note. CV = Coefficient of variation. n/a = not applicable due to distribution 
parameters.

Fig. 2. Correlation matrix (n = 25050, Spearman rank correlation coefficients). AT = activity time; ES = engine speed; EV = elevation; FR = fuel rate; LE = length; 
SL = straight-line distance; TS = tractor speed; WE = week.

Table 6 
Descriptive statistics of categorical variables (n = 25050).

Variable Categories Mode Mode Percentage Minority Minority Percentage

Task type 2 Seeding 56.41 % Tilling 43.59 %
Activity state 2 Working 53.42 % Turning 47.58 %
Field ID 76 Wendel-F28 6.57 % Hoh-F4 0.02 %
Tractor-machine combination 4 Fendt314 54.01 % Claas660 0.03 %
First use of tractor-machine combination on field 2 No 58.20 % Yes 41.80 %
First use of tractor-machine combination 2 No 96.00 % Yes 4.00 %
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data, which deterministic models often struggle to account for. Mecha
nistic models rely on predefined, simplified relationships and assump
tions, limiting their capacity to represent complex and nonlinear 
relationships and interactions between factors such as field character
istics, machinery types, and operator behavior. This assumption is 
further supported by the feature importance analysis, in which straight- 
line distance and cumulative field ID ranked second and third in terms of 
Gini index, respectively. These features, which reflect aspects of oper
ator behavior and field variability, highlight factors that mechanistic 
models typically overlook or cannot adequately represent. Some caution 
is warranted when interpreting Gini indices, as they may not fully 
capture the contributions of individual variables; future studies could 

benefit from employing explainable AI techniques to provide more 
comprehensive insights.

Regarding the comparison of ML models, the results showed that the 
RF model demonstrated the best prediction performance in the cross- 
validation (R² = 0.910), followed by XGB, which achieved the similar 
performance (R² = 0.909). Both RF and XGB outperformed all other ML 
models, demonstrating that specifically ensemble learners are effective 
for predicting tilling and seeding operation times and managing the 
complexity of agricultural operations. RF maintained its prediction 
performance in the temporal external validation, where it achieved an 
R² of 0.910 and had a reduced MAE by 37.8 %, compared to the baseline 
model MAS. These results confirm RF’s ability to generalize to later data, 
and suitability for field tilling and seeding operation time prediction.

Our study results on prediction models for tilling and seeding oper
ation times in grain production have several implications for using such 
models in practice. First, our findings demonstrate the ability of ML 
models to better predict operation times than conventional mechanistic 
models. This ability enables greater alignment of tilling and seeding 
operations with agronomic windows, improving operational planning 
and machinery scheduling, and enhancing overall crop productivity.

Second, the results highlight that ML models enable higher predic
tion performance for operation times prediction without requiring 
additional data collection, making the approach accessible. This aspect 
is particularly relevant for grain farming systems, in which resources 
and access to advanced data collection tools may be limited. The 
approach enables adoption without requiring upfront investments in 
specialized sensors and retrieval of dynamic enviromental data, such as 
weather data from external stations and soil conditions through in-field 
sampling. Additionally, the models’ ability to learn from historical data, 
commonly recorded by modern field machinery and practices, facilitate 
deployment with minimal setup. This capability enhances operational 
efficiency and improves scheduling [18,30]. The cost-effectiveness of 
these models is also enhanced by their scalability with new data, as they 
can be applied without requiring extensive resource investment. The 
scalability makes ML prediction models a promising option for 
resource-constrained farming systems aiming to modernize operations 
[18,26].

Third, these models offer value for operational planning by gener
ating outputs that can be integrated into decision support systems. One 
practical use case involves predicting longer operation times for newly 
managed fields, allowing farm managers to proactively allocate 

Table 7 
Performance of two baseline and nine ML prediction models using cross- 
validation and data from months 1 to 9 (n = 20687).

# Algorithm MAE (s) RMSE (s) R2 MAPE ( %) NRMSE

B1 MAS 7.7 11.0 0.841 31.0 0.321
B2 FTS 9.0 12.6 0.794 26.8 0.364
ML1 ANN 6.1 8.6 0.895 29.6 0.253
ML2 ELR 6.1 8.6 0.897 32.7 0.252
ML3 XGB 5.4 8.4 0.909 19.0 0.245
ML4 LAR 5.7 8.2 0.907 27.3 0.240
ML5 MLR 5.6 8.2 0.905 27.5 0.240
ML6 PLS 8.1 10.7 0.842 40.6 0.312
ML7 RF 5.4 8.1 0.910 18.9 0.238
ML8 RIR 6.2 8.6 0.896 29.3 0.252
ML9 SVM 5.8 8.7 0.902 25.4 0.254

Note. ANN = Artificial Neural Networks, ELR = Elastic Regression, FTS = Fixed 
tractor speed, LAR = Lasso Regression, MAS = Moving average speed, MLR =
Multiple Linear Regression, PLS = Partial Least Squares, RF = Random Forest, 
RIR = Ridge Regression, SVM = Support Vector Machine, XGB = eXtreme 
Gradient Boosting.

Table 8 
Performance of the selected prediction models on data from month 10 (n =
4363).

# Algorithm MAE (s) RMSE (s) R2 MAPE ( %) NRMSE

B1 MAS 8.2 11.1 0.803 26.1 0.318
ML7 RF 5.1 7.5 0.910 17.4 0.215

Note. MAS = Moving average speed, RF = Random Forest.

Fig. 3. Observed versus predicted activity times for the selected models MAS (Moving Average Speed, left) and Random Forest (right) on the test set (n = 4363).
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additional resources or adjust schedules to accommodate the increased 
effort. Conversely, when predicted operation times are significantly 
shorter than expected, freed-up resources can be reassigned to other 
tasks, increasing overall farm efficiency.

Fourth, this study emphasizes challenges in developing prediction 
models for operation times that are highly variable, as it was the case in 
our dataset. This variability is primarily driven by great diversity in field 
geometry as well as operator skills and other environmental influences. 
However, ML models were effective in capturing complex relationships 
between input variables and operation times, leading to more accurate 
predictions compared to conventional models. Although the results 
demonstrate the effectiveness of ML models for seeding and tilling in 
grain production, their generalizability to other operations, such as 
harvesting, spraying, and fertilizing, remains uncertain. The operation 
times of these tasks may be contingent upon different variables, which 
would require further validation to assess the models’ applicability 
across a broader range of field activities and crops. Furthermore, the 
models relied on a small set of input variables, excluding factors like 
weather conditions, soil parameters, and individual operator behavior, 
which could impact operation times, and thus could be examined in 
future studies. The models requires further evaluation to assess their 
applicability to regions beyond those studied. Overall, although this 
study highlights the potential of ML models for predicting tilling and 
seeding operation times, further research is essential to enhance their 
generalizability and improve their predictive performance in diverse 
grain farming systems.

5. Conclusion

This study examined how ML models can be employed for predicting 
tilling and seeding operation times in grain production. We evaluated 
and compared nine ML models using different algorithms, all of which 
outperformed conventional mechanistic models in the temporal external 
validation. Ensemble learners, especially RF, showed the highest pre
diction performance. The improvements in performance were substan
tial, and no additional effort was required to collect data other than 
operational data that was already available and recorded. These char
acteristics make ML models a cost-effective approach for supporting 
field operations and machinery scheduling. Overall, the findings suggest 
that ML models, particularly RF, offer a practical, accessible tool for 
improving operational decision-making without significant additional 
costs for data collection.
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