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Abstract

Precise prediction of tractor operational output and fuel use is important for machinery management and sustainable agricultural
operations. This study evaluated whether operation-level CAN-Bus and GNSS summaries can support tractor-agnostic
prediction of effective field capacity and fuel consumption per unit area in vineyard operations. An open vineyard tractor
telemetry dataset was used, with two targets: HectaresPerH and LitersPerHa. Three predictive approaches were compared: an
activity-mean baseline, Ridge regression, and Histogram-based Gradient Boosting Regression. Model performance was
evaluated using leave-one-tractor-out validation with nested hyperparameter tuning, allowing the assessment of transferability
to unseen tractors. For HectaresPerH, the activity-mean baseline, Ridge, and HGBR produced very similar pooled performance,
with the baseline slightly strongest by RMSE and R2. This indicates that tractor productivity at the operation-summary level
was largely captured by activity context. For LitersPerHa, both machine-learning models improved over the baseline, and
HGBR achieved the best pooled performance, although the improvement was modest. Wilcoxon signed-rank tests on fold-wise
RMSE did not show statistically significant differences between the main model comparisons. Activity-level error analysis
showed that predictive difficulty varied across vineyard tasks. The findings indicate that CAN-derived operation summaries
contain useful predictive signal, but simple operational baselines remain important. The main contribution of the study is a
realistic unseen-tractor evaluation framework.
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.  INTRODUCTION

Improving tractor productivity and fuel consumption is a central objective in agricultural engineering because machinery
performance affects timeliness, operating cost, energy use, and farm-level resource management. Effective field capacity and
fuel consumption per unit area are widely used indicators because they connect machine behaviour with field output and
resource efficiency (ASABE, 2011; Kolator, 2021). Modern tractors increasingly generate CAN-Bus and GNSS data that
describe engine state, motion, location, and operation context. These data allow real-world evaluation of tractor use beyond
controlled test conditions (Mattetti et al., 2021; Angelucci and Mattetti, 2024; Gotz et al., 2025).
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Vineyard mechanization is a relevant case for telemetry-based analysis because operations are repeated but heterogeneous.
Tasks such as crop protection, tillage, ridging, mulching, and harvesting differ in speed, load state, maneuvering, and fuel
demand. Recent vineyard research has shown that tractor performance, fuel consumption, and operational efficiency vary by
activity, confirming that task type is part of the machinery-performance structure rather than background information
(Alemanno et al., 2025; Rossi and Alemanno, 2024).

Machine-learning models are increasingly used for agricultural machinery prediction, but many studies emphasize within-
dataset accuracy rather than transferability to unseen machines. This distinction is important because random record-level
splitting can overestimate performance when observations from the same tractor appear in both training and testing sets. For
structured data, validation should respect group structure when the practical use case is prediction for unseen groups (Roberts
et al., 2017). When hyperparameters are tuned, nested validation is also recommended to reduce optimistic bias in error
estimation (Varma and Simon, 2006).

The objective of this study was to evaluate whether operation-level CAN-Bus and GNSS summaries can support tractor-
agnostic prediction of tractor productivity and fuel consumption in vineyard operations. Ridge regression and Histogram-based
Gradient Boosting Regression were compared with an activity-mean baseline under leave-one-tractor-out validation with
nested tuning. The contribution of this paper is a realistic evaluation of unseen-tractor prediction using tractor telemetry.

Il.  MATERIALS AND METHODS

A. Dataset and targets

This study used the Tractor Performances in Vineyard Operations dataset. The dataset contains operation-level summaries
derived from vineyard tractor telemetry obtained from “Tractor performances in vineyard operations” by Rossi and Alemanno
(2024) 26 vineyard fields in Tuscany, Italy collected from CAN-Bus and GNSS sources. Each record represents a summarized
operation rather than a high-frequency time-series segment. The analysis focused on two outcomes: HectaresPerH, interpreted
as effective field capacity, and LitersPerHa, interpreted as fuel consumption per unit area. These outcomes are directly relevant
to tractor productivity and fuel-use assessment in agricultural machinery management (ASABE, 2011; Kolator, 2021).

B. Predictors and leakage control

Predictors were drawn from operation-level descriptors related to engine state, motion, slope, temperature, PTO behaviour, and
activity context. The tractor identifier was used only as a grouping variable for validation and was not used as a predictor.
Variables that directly represented or could reconstruct the target variables were excluded to reduce target leakage risk. This
handling is summarized in TABLE (1).

TABLE (1): PREDICTOR HANDLING AND LEAKAGE-CONTROL SUMMARY

Variable group Model role Reason

Operational context strongly affects
vineyard tractor behaviour

Telemetry and operation descriptors

Activity Included

Wheel speed, engine speed, torque, Included

PTO, temperature, slope available before target calculation
. . Excluded from predictors; used for Prevents memorization of tractor-
Tractor identifier - o
grouping specific patterns
HectaresPerH and LitersPerHa Targets only Response variables

Avrea, time, total fuel, or directly
target-derived variables

Potential target-construction or proxy
leakage risk

Excluded when target-adjacent
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C. Models, validation, and metrics

Three approaches were evaluated: an activity-mean baseline, Ridge regression, and Histogram-based Gradient Boosting
Regression. Ridge regression was selected because regularized linear models are appropriate for multicollinear predictors
(Hoerl and Kennard, 1970). HGBR was selected as a non-linear tree-based model capable of capturing interactions and
threshold-like responses (Friedman, 2001). The baseline was included to determine whether machine learning improved on a
simple practical reference predictor.

The outer evaluation used leave-one-tractor-out validation. In each fold, all observations from one tractor were held out for
testing, while the remaining tractors were used for training and tuning. Hyperparameters were tuned only within the training
tractors using an inner validation procedure, giving a nested design. Performance was summarized using mean absolute error,
root mean square error, and coefficient of determination. Fold-wise RMSE values were compared using the Wilcoxon signed-
rank test (Wilcoxon, 1945; Roberts et al., 2017; Varma and Simon, 2006).

D. Interpretation and activity-level analysis

Model behaviour was examined using predicted-versus-observed plots, predictor correlation analysis, permutation importance,
and activity-level error summaries. Because tractor telemetry variables are physically and statistically linked, interpretation
was treated as descriptive rather than causal. This caution is consistent with the known limitations of marginal and importance-
based interpretation under feature dependence (Apley and Zhu, 2020; Molnar et al., 2023).

1. RESULTS AND DISCUSSION

A. Overall predictive performance

TABLE (2) summarizes the pooled predictive performance. For HectaresPerH, all three approaches performed similarly. The
activity-mean baseline achieved the lowest RMSE and highest R2, while Ridge had a slightly lower MAE. This indicates that
machine-learning models added little value beyond activity context for productivity prediction at the operation-summary level.

TABLE (2): POOLED PERFORMANCE METRICS UNDER LEAVE-ONE-TRACTOR-OUT VALIDATION

Target Model MAE RMSE R2
HectaresPerH BaselineActivityMean 0.476 0.686 0.562
HectaresPerH Ridge 0.472 0.693 0.554
HectaresPerH HGBR 0.477 0.694 0.552

LitersPerHa BaselineActivityMean 2.657 3.401 0.344
LitersPerHa Ridge 2.571 3.304 0.381
LitersPerHa HGBR 2.529 3.268 0.394

For LitersPerHa, both machine-learning models improved over the activity-mean baseline. HGBR achieved the best pooled
RMSE and R2, followed closely by Ridge. The improvement was modest, but it suggests that fuel consumption per unit area
depends on more complex relationships among motion, load state, and operation context than productivity alone. Similar
complexity in tractor fuel use has been reported in machinery performance studies (Pitla et al., 2016; Kolator, 2021).

B. Fold-wise model comparison

The Wilcoxon signed-rank tests in TABLE (3) showed that none of the main model comparisons were statistically significant.
Therefore, the numerical advantage of the activity baseline for HectaresPerH and the numerical advantage of HGBR for
LitersPerHa should not be interpreted as strong model superiority across tractors.
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TABLE (3): WILCOXON SIGNED-RANK TESTS FOR FOLD-WISE RMSE COMPARISONS

Target Comparison Statistic p-value
HectaresPerH Ridge vs HGBR 8 0.6875
HectaresPerH Ridge vs Baseline 9 0.8438

LitersPerHa Ridge vs HGBR 6 0.4375
LitersPerHa Ridge vs Baseline 6 0.4375

C. Predicted-versus-observed behaviour

The predicted-versus-observed plots in Fig. 1 show that the models captured meaningful structure in both targets, but residual
variability remained substantial. This visual pattern is consistent with the moderate R2 values in TABLE (2). The scatter also
indicates reduced precision at the extremes, which is expected when operation-level summaries are used instead of detailed
time-series data.

A. HectaresPerH Ridge B. HectaresPerH HGBR

HectaresPerH — Ridge (Leave-one-tractor-out) HectaresPerH — HGBR (Leave-one-tractor-out)

Predicted
Predicted

1] 1 2 3 4 5 [ o 1 2 3 4 5 B
Actual Actual
C. LitersPerHa Ridge D. LitersPerHa HGBR
LitersPerHa — Ridge (Leave-one-tractor-out) LitersPerHa — HGBR (Leave-one-tractor-out)

20

154

Predicted
—
=
Predicted

Actual Actual

Fig. 1. Predicted-versus-observed values for HectaresPerH and LitersPerHa under leave-one-tractor-out validation.
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D. Activity-level errors

Activity-level errors showed that prediction difficulty varied across vineyard operations. TABLE (4) reports examples of high-
and low-error activities. Harvest and crop protection with multiple rows were among the more difficult activities, while leaf
removal and crop protection with single rows showed lower errors. These patterns support the interpretation that a single global
model may average across distinct operational regimes.

TABLE (4): REPRESENTATIVE HIGH- AND LOW-ERROR ACTIVITIES BY TARGET

Target Error group Activity MAE Ridge MAE HGBR
HectaresPerH High error Crop protection MR 0.874 0.852
HectaresPerH High error Harvest 0.840 0.754
HectaresPerH Low error Leaf removal 0.135 0.245
HectaresPerH Low error Unridging 0.255 0.352

LitersPerHa High error Harvest 4.820 4.599
LitersPerHa High error Shoot removal 3.506 3.301
LitersPerHa Low error Crop protection SR 1.212 1.145
LitersPerHa Low error Mulching 1.972 1.928

E. Predictor correlation and interpretation

The predictor correlation matrix in Fig. 2 shows substantial dependence among several telemetry variables, especially engine
and powertrain indicators. This is mechanically reasonable, because power, torque, engine speed, and thermal variables are not
independent in tractor operation. Therefore, individual importance rankings should be interpreted as overlapping signals within
correlated predictor groups rather than as independent causal effects.

Correlation matrix of numeric predictors (operation-level summaries)

WleRatio

EngineCoolTemp

EngineDiTemp

WheelSpeed

EnvTemp

Enginespeed

Siopestart

EngineQiTemp
Torgue
WheelSpeed
Enviemp
EngineSpeed
SiopeStart
SiopeEnd
Dettasiope
FeldNumberNum

Fig. 2. Correlation matrix of numeric predictors used in the operation-level telemetry summaries.
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Permutation importance results in Fig. 3 showed that powertrain, motion, slope, and activity-related variables contributed to
prediction. However, because predictors were correlated, these outputs were used as diagnostic summaries only. This
interpretation is consistent with Apley and Zhu (2020) and Molnar et al. (2023), who emphasized that marginal and
permutation-based interpretation can be misleading when feature dependence is strong.

A. HectaresPerH

Permutation importance — HectaresPerH (Ridge)

Power
Torque
EngineSpeed
SlopeEnd
Slopestart
Activity

WheelSpeed

EngineCoalTemp
EngineQilTemp
EnvTemp

FTo

IdleRatio

DeltaSlope

I:I.'D CI.’S ljD 1.’5 JjO
B. LitersPerHa

Permutation importance — LitersPerHa (Ridge)

Power

Terque
EngineSpeed
1O
WheelSpeed
SlapeEnd

Activity

Slopestar
EngineCoalTemp

EnvTemp

EngineQilTemp

EfleRatic

Deltaslope

EI.rD EI.‘? Djd ﬂ:E 0‘.8 11.EI 11.2 1:4 1:6
Fig. 3. Permutation importance summaries for Ridge models predicting HectaresPerH and LitersPerHa.

Overall, the findings show that operation-level CAN-Bus and GNSS summaries contain useful information for tractor
performance analysis, but the value of machine learning depends on the target. Productivity was captured almost as well by a
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simple activity baseline, while fuel consumption per unit area showed modest improvement from machine learning. The
strongest contribution of the study is therefore methodological: it provides an unseen-tractor validation framework that gives a
stricter and more realistic estimate of predictive utility than record-level random splitting.

IV. CONCLUSIONS

This study evaluated operation-level prediction of tractor productivity and fuel consumption in vineyard operations using CAN-
Bus and GNSS telemetry summaries. Under leave-one-tractor-out validation with nested tuning, the activity-mean baseline
performed as well as or slightly better than Ridge and HGBR for HectaresPerH, indicating that activity context captured much
of the productivity signal. For LitersPerHa, Ridge and HGBR improved over the baseline, with HGBR achieving the best
pooled performance, although the improvement was modest and statistically resonable. The results show that tractor telemetry
can support practical machinery-performance benchmarking, but model claims must remain conservative under unseen-tractor
evaluation. Future work should expand external validation across more tractors and seasons, compare activity-specific models,
and use correlation-aware interpretation methods.
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