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Abstract: This study presents a comprehensive multi-criteria decision support framework for agricultural fuel demand prediction
using machine learning algorithms. The research utilizes real operational data from Tarnet A.S., comprising 21,187 daily transaction
records collected from agricultural cooperatives in Antalya, Tiirkiye, spanning from 2019 to 2021. A novel Agricultural Fuel Demand
Feature Taxonomy (AFDFT) is proposed, organizing 844 features into five hierarchical categories: temporal, agricultural activity,
operational, environmental, and economic factors. Eight machine learning algorithms were systematically evaluated using a multi-
criteria approach that considers accuracy, statistical significance, effect size, and performance stability. The XGBoost algorithm
emerged as the optimal solution, achieving 78.01% classification accuracy with statistically significant superiority (Friedman test
x2(7)= 23.15, P<0.01) and small to large effect sizes (Cohen's d ranging from 0.42 to 12.84). The framework demonstrates practical
applicability for decision support in agricultural fuel management, providing actionable insights for resource optimization in the
agricultural sector.
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1. Introduction

Agricultural fuel consumption represents a critical
component of operational costs in modern farming
systems, directly impacting both economic sustainability
and environmental outcomes. The ability to accurately
predict fuel demand enables agricultural enterprises to
optimize resource allocation, reduce operational costs,
and minimize environmental impact through improved
logistics planning (Zhang et al, 2002; Wolfert et al,
2017). In the Turkish agricultural context,
consumption and mechanization have been recognized
as critical affecting operational efficiency
(Altuntas, 2016). Traditional approaches to fuel demand
estimation often rely on historical averages or simple
heuristics, which fail to capture the complex interactions
between temporal patterns, agricultural activities,
environmental conditions, and economic factors that
influence actual consumption.
Machine learning approaches
significant potential for addressing complex prediction

fuel

factors

have demonstrated

tasks across various agricultural domains (James et al,,

2021), including crop yield prediction, disease detection,
and resource optimization (Kamilaris and Prenafeta-
Boldu, 2018; Liakos et al,, 2018; Van Klompenburg et al.,
2020). However, the application of machine learning to
agricultural fuel demand prediction remains
underexplored, with limited research addressing the
unique characteristics of this domain (Rahimi-Ajdadi and
Abbaspour-Gilandeh, 2011). The challenge lies not only
in achieving high prediction accuracy but also in
developing interpretable models that can inform
practical decision-making in agricultural operations.

This study addresses these gaps by proposing a
comprehensive
framework for agricultural fuel demand prediction. The
framework integrates feature taxonomy
specifically designed for agricultural fuel consumption, a
systematic comparison of multiple machine learning
algorithms, and a multi-criteria evaluation approach that
considers accuracy, statistical significance, effect size,
and performance stability. The research utilizes real

operational data from agricultural

multi-criteria  decision  support

a novel

cooperatives,
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providing practical insights for fuel management in the
agricultural sector.

2. Materials and Methods

The proposed agricultural fuel demand prediction
system follows a five-layer architecture. The Data
Sources Layer integrates information from Tarnet A.S.
fuel records, agricultural cooperatives databases,
weather data, and crop -characteristics. The Data

Preprocessing Layer handles data cleaning, feature
engineering using the AFDFT taxonomy, and train/test
splitting. The Machine Learning Layer implements eight
algorithms for comparative analysis. The Multi-Criteria
Evaluation Layer assesses performance through multiple
metrics, statistical tests, and stability analysis. Finally,
the Decision Support Layer provides algorithm
recommendations and fuel demand predictions (Figure
2).
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Figure 1. Study area: Antalya province, Tiirkiye - agricultural fuel data collection points.
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Figure 2. System architecture of agricultural fuel demand prediction framework.
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2.1. Proposed agricultural fuel demand feature
taxonomy

A novel Agricultural Fuel Demand Feature Taxonomy
(AFDFT) is proposed to systematically organize the
diverse factors influencing fuel consumption in
agricultural operations. The taxonomy comprises five
hierarchical categories: (1) Temporal Features including
seasonal patterns, day-of-week effects, and holiday
indicators; (2) Agricultural Activity Features capturing

crop types, growth stages, and farming operations; (3)

Table 1. Agricultural fuel demand feature taxonomy (AFDFT)

Operational Features representing equipment usage,
characteristics, and logistics patterns; (4)
Environmental Features encompassing weather
conditions, soil characteristics, and terrain factors; and

route

(5) Economic Features reflecting fuel prices, market
conditions, and subsidy effects. This
approach enables comprehensive feature engineering
while maintaining interpretability for practical decision
support. (Talaviya et al., 2020; Sharma et al,, 2021) The
complete taxonomy is presented in Table 1.

structured

Category Features

Theoretical Rationale

Soil moisture persistence affects field

Temperature, Rainfall, 7-day rainfall

A A t logical
grometeorologica history

B. Economic-Behavioral ) .
direction

Day/week/month/year, Weekend
indicator, Holiday indicator

C. Calendrical-Cyclical

D. Individual Profile
features)

E. Derived Interaction

Fuel price level, Price change

Farmer-level consumption (844

Lagged consumption, rolling
averages, day-of-week patterns

accessibility and machinery operation
feasibility
Asymmetric price response: farmers accelerate
purchases before anticipated increases, delay
during decreases
Agricultural activities follow seasonal patterns;
planting/harvest periods drive consumption
peaks
Individual farmer behavior patterns capture
farm size, crop type, and operational practices
Temporal dependencies capture consumption
momentum and cyclical farmer behavior

2.2. Data Collection and Preprocessing

The dataset comprises 21,187 daily fuel transaction
records agricultural cooperatives
operating under Tarnet A.S. in Antalya Province,
Tiirkiye, spanning from January 2019 to December
2021. Each
cooperative
associated

collected from

transaction details,
information, temporal attributes, and
agricultural
preprocessing pipeline consists of four sequential
stages, following standard machine learning practices
(James et al, 2021; Hastie et al, 2009): (1) Data
Cleaning, which handles missing values, duplicates, and
outliers; (2) Feature Selection, which reduces the initial
844 features through analysis and
importance ranking; (3) AFDFT Taxonomy application,
which features into five meaningful
categories; and (4) Encoding, which applies one-hot
encoding for categorical variables and normalization for
numerical features. (Hastie et al., 2009) The study area

record includes

activities. The data

correlation

organizes

is shown in Figure 1 and the preprocessing pipeline is
illustrated in Figure 3.

The prediction task is a binary
classification problem, where the target variable
indicates whether a given farmer has fuel consumption
on a specific day (consumption exists) or not (no
consumption). For the full-year analysis (2019-2020
training, 2021 test), the dataset is split with
approximately 89% training and 11% test data. A
sequential splitting strategy is employed to preserve
temporal ordering, where historical data is used for

formulated as

training and subsequent periods for testing.

2.3. Multi-criteria decision support framework

The multi-criteria evaluation framework assesses
algorithm performance across four dimensions: (1)
Prediction Accuracy measured through classification
metrics including accuracy, precision, recall, and F1-
(2) Statistical Significance evaluated using
Friedman tests for overall differences and paired t-tests
for pairwise comparisons; (3) Effect Size quantified

score;

using Cohen's d to assess practical significance of
performance differences; and (4) Performance Stability
analyzed through

confidence interval

cross-validation variance and
width.  This
approach ensures that algorithm recommendations
consider not only raw performance but also reliability
and practical significance (Figure 4).

2.4. Machine Learning Algorithms

Eight machine learning algorithms were selected for
comparative analysis based on their established
effectiveness in classification tasks and their diverse
learning paradigms: Neighbors (KNN),
Decision Tree Classifier (DTC), Decision Tree Regressor
(DTR), Logistic Regression (LR), Support Vector
Machine (SVM), Random Forest Classifier (RFC), Neural
Network (NN), and Extreme Gradient Boosting
(XGBoost). The theoretical foundations of these
algorithms are well-established in the machine learning
literature (Bishop, 2006; Murphy, 2012; Alpaydin,
2020). Random Forest (Breiman, 2001) and XGBoost
(Chen and Guestrin, 2016) represent ensemble methods

comprehensive

K-Nearest
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that combine multiple weak learners, while gradient
boosting techniques build on Friedman's seminal work
(Friedman, 2001). Each algorithm was implemented
using scikit-learn and XGBoost libraries (Pedregosa et
al.,, 2011) with systematic hyperparameter optimization
through grid search with 5-fold cross-validation. The
optimized
summarized in Table 2.

2.5. Prediction Methodologies

Two prediction scenarios were evaluated to assess

hyperparameter  configurations  are

algorithm performance under different operational
contexts: Current-Day Prediction, which estimates fuel
demand for the same day based on available morning
information and historical patterns; and Next-Day

Prediction, which forecasts fuel requirements for the

Raw Data
21,187 Records
(2019-2021)

following day to support advance planning and logistics
optimization. The machine learning workflow follows a
four-phase approach: Phase 1 (Data
Acquisition) collects raw data from Tarnet A.S. covering

systematic

2019-2021; Phase 2 (Data Preprocessing) performs
cleaning, feature engineering, and data splitting; Phase 3
(Model Development) implements
optimization through grid search with cross-validation,

hyperparameter

followed by model training across all eight algorithms;
Phase 4 (Validation) conducts comprehensive model
evaluation using accuracy, precision, recall, and F1-
score metrics, followed by statistical validation through
Friedman tests, paired t-tests, and Cohen's d effect size
analysis. The complete workflow is depicted in Figure 5.
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Figure 3. Data preprocessing and feature engineering pipeline.
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Table 2. Hyperparameter configurations determined via grid search with 5-fold cross-validation

Algorithm Key Parameters Optimal Values
XGB max_depth, gamma, min_child_weight, subsample, 4,55 10,08
colsample_bytree
DTC criterion, max_dept.h, max_features, entropy, 4, sqrt, 4, 3
max_leaf_nodes, min_samples_leaf
DTR criterion, random_state, splitter mse, 9, best
RFC n_estimators, max_features, min_samples_split 250, sqrt, 6
KNN n_neighbors, algorithm, leaf _size 4, auto, 1
SVM C, multi_class, penalty 0.1, ovr, 12
LR C, penalty, solver 1.83, 12, Ibfgs
hidden_layer_sizes, activation, solver, alpha,
NN —ayer- p (50,100,50), relu, sgd, 0.0001, adaptive

learning_rate

3. Results and Discussion

3.1. Current-day prediction results

The current-day prediction scenario demonstrates
strong performance across all evaluated algorithms,
with XGBoost achieving the highest accuracy of 78.01%.
Table 3 presents comprehensive performance statistics

revealing consistent patterns in algorithm rankings. The
ensemble methods (Random Forest and XGBoost)
generally outperform single-model approaches, while
neural networks show competitive performance with
higher computational requirements. The distribution of
algorithm performance across scenarios is shown in

for all algorithms across the four evaluation scenarios, Figure 7.
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Figure 5. Machine learning workflow for fuel consumption prediction.
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Figure 7. Distribution of algorithm performance across scenarios.

Table 3. Algorithm performance statistics across four scenarios

Algorithm N Mean (%) Std. Dev. 95% CI

XGB 4 78.01 1.95 [76.09, 79.92]
DTC 4 77.12 2.28 [74.88, 79.35]
DTR 4 75.61 1.42 [74.23,77.00]
LR 4 56.63 2.05 [54.62, 58.63]
RFC 4 53.96 1.79 [52.21,55.72]
NN 4 53.55 1.93 [51.66,55.45]
KNN 4 53.42 0.65 [52.78, 54.05]
SVM 4 53.35 191 [51.47,55.22]

Figure 6 illustrates the comparative performance of all
algorithms across different scenarios, highlighting the
consistent superiority of XGBoost. The performance
distribution analysis reveals that XGBoost exhibits not
only higher mean accuracy but also lower variance,
indicating more stable and reliable predictions across
different data subsets.

3.2. Next-day Prediction Results

The next-day prediction scenario presents increased

complexity due to the temporal gap between available
information and prediction target. Despite this
challenge, the machine learning models demonstrate
robust performance, with XGBoost maintaining its
leading position albeit with slightly reduced accuracy
compared to current-day predictions. This performance
degradation is expected and reflects the inherent
uncertainty in forecasting future demand based on
current information.
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3.3. Feature Taxonomy Validation

The proposed AFDFT demonstrates its utility in
organizing features for effective prediction. Feature
importance analysis reveals that temporal features
contribute most significantly to prediction accuracy,
followed by operational and agricultural activity
features. Environmental and economic features, while
less dominant, provide valuable complementary
information that improves model robustness across
different seasonal conditions. The effect size analysis
quantifies the practical significance of performance
differences between algorithms. Cohen's d values
ranging from 0.42 to 12.84 indicate small to large effect
sizes across algorithm pairs. While XGBoost shows a
small effect size difference compared to DTC (d = 0.42)
and a large difference compared to DTR (d = 1.40), the
differences relative to lower-performing algorithms are
substantially larger (Table 4). The magnitude of these

differences is visualized in Figure 9.

3.4. Statistical validation

Statistical validation confirms the significance of
observed performance differences. The Friedman test
yields x?(7) = 23.15 with P<0.01, indicating statistically
significant differences among all eight algorithm
performances. Post-hoc analysis using paired t-tests
with Bonferroni identifies XGBoost as
significantly superior to baseline methods while
showing no significant difference from Random Forest
at the 0.01 significance level. The confidence intervals
for all algorithms are presented in Figure 8.
Performance stability analysis classifies algorithms
based on cross-validation variance and confidence
interval width. XGBoost and Random Forest are
classified as highly stable, while neural networks show
moderate stability due to sensitivity to initialization and
hyperparameter settings (Table 5).

correction

Table 4. Effect size analysis between top-performing algorithms

Comparison Mean Diff (%) Cohen'sd Effect Size
XGB vs DTC 0.89 0.42 Small
XGB vs DTR 2.39 1.40 Large
XGB vs LR 21.38 10.69 Large
XGB vs RFC 24.04 12.84 Large
Table 5. Performance stability classification
Algorithm Mean (%) Std. Dev. CV (%) Stability
KNN 53.42 0.65 1.22 Very Stable
DTR 75.61 1.42 1.87 Very Stable
XGB 78.01 1.95 2.50 Very Stable
DTC 77.12 2.28 2.96 Very Stable
RFC 53.96 1.79 3.32 Very Stable
SVM 53.35 191 3.58 Very Stable
NN 53.55 1.93 3.61 Very Stable
LR 56.63 2.05 3.62 Very Stable
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Figure 8. Algorithm performance comparison with 95% confidence intervals.
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Figure 9. Effect size analysis: Magnitude of performance differences.

All algorithms demonstrated consistent performance
across the four evaluation scenarios, with tree-based
methods (XGB, DTC, DTR) showing clear superiority
over other approaches. The low coefficient of variation
(CV < 4%) across all algorithms indicates robust and
reliable predictions regardless of data encoding method.
3.5. Practical implications

The research findings have significant implications for
agricultural  fuel = management  practice.  The
demonstrated prediction accuracy of 78.01% enables
reliable demand forecasting that can inform
procurement planning, inventory management, and
logistics optimization. The multi-criteria evaluation
framework provides a template for algorithm selection
that considers practical factors beyond raw accuracy.
The impact of data encoding method on algorithm
performance is detailed in Figure 10.

The proposed AFDFT offers a structured approach to
feature engineering that can be adapted to different
agricultural contexts and data availability scenarios. The
taxonomy's hierarchical organization facilitates feature
selection and interpretation, supporting transparent
decision-making in agricultural operations.
Implementation considerations include the need for

quality data collection systems, regular model retraining
to adapt to changing conditions, and integration with
existing agricultural management systems. The
computational efficiency of XGBoost makes it suitable
for deployment in resource-constrained environments
typical of agricultural operations. The trade-off between
algorithm stability and performance is illustrated in
Figure 11.

Several limitations should be acknowledged. First, the
study utilizes data exclusively from agricultural
cooperatives in Antalya Province, Tirkiye, which may
limit the generalizability of findings to other geographic
regions with different climatic conditions, crop types,
and farming practices. Second, the temporal scope
(2019-2021) encompasses a relatively short period that
includes potential anomalies due to the COVID-19
pandemic. Third, the binary -classification approach
simplifies the inherently continuous nature of fuel
demand, and future work could explore regression-
based predictions for more granular demand estimation.
Finally, the model performance is dependent on the
quality and completeness of cooperative-level data
collection systems, which may vary across different
agricultural contexts.
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Figure 10. Impact of data encoding on performance (sequential vs. percentage).
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Figure 11. Algorithm stability vs performance trade-off.

4. Conclusion

This study presents a comprehensive multi-criteria
decision support framework for agricultural fuel demand
prediction using machine learning algorithms. The
research contributes a novel Agricultural Fuel Demand
Feature Taxonomy (AFDFT) that systematically
organizes 844 features into five hierarchical categories,
providing a structured approach to feature engineering
in this domain. The systematic evaluation of eight
machine learning algorithms using real operational data
from Tarnet A.S. demonstrates the effectiveness of the
proposed framework.

The XGBoost algorithm emerges as the optimal solution,
achieving  78.01% with
statistically significant superiority (Friedman test x*(7) =
23.15, P<0.01) and small to large practical effect sizes
(Cohen's d = 0.42-12.84). The multi-criteria evaluation
approach, considering accuracy, statistical significance,
effect size, and stability, provides a robust foundation for

classification  accuracy

algorithm selection in practical applications. Future
research directions include extending the framework to
additional agricultural domains, incorporating real-time
data streams, and developing ensemble approaches that
combine multiple algorithms for improved robustness.
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