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Abstract: Previous studies on tractor performance and efficiency were conducted prior
to the implementation of emission reduction technologies and the increased density and
complexity of tractor portfolios. This study presents a robust methodology for forecast-
ing specific fuel consumption based on public information, which incorporates physical
attribute-based cohorts and technological generation groupings, alongside variables such
as wheelbase, mass, and power take-off power. The proposed model significantly improves
forecasting accuracy, enhancing the current R-squared (RSq) from 0.6091 to 0.8519 and
reducing the root mean square error (RMSE) from 0.0098 to 0.0065. Additionally, the model
provides accurate predictions of drawbar performance and efficiency. Its simplicity results
in low cognitive and computational demands, making it accessible via widely available
spreadsheet software on any computer or handheld device. This accessibility supports
data-driven decision-making for tractor replacement strategies, ultimately promoting sus-
tainable profitability in agricultural business operations.

Keywords: performance optimization; productivity; fuel consumption; parametric regression

1. Introduction

Tractors serve a crucial role in converting engine power to drawbar power, affecting
implement productivity and fuel consumption [1]. Understanding these metrics in spe-
cific engine and transmission configurations is vital for optimizing operational strategies,
considering time sensitivity [2].

Tractors with identical setups can exhibit varying productivity and fuel consumption
due to gear selection. Increasing tractor productivity requires accommodating larger
implements and higher speeds, necessitating enhancements in size, mass, and engine
power, driven not only by displacement but also engine technology advancements [3].

The evolution of engine power, power train, and tire technology has notably increased
tractor drawbar output and productivity. These insights are critical for optimizing tractor
operations and enhancing agricultural efficiency [4,5].

Adequate drawbar power for larger implements necessitates enhanced hydraulic
capabilities and tire, front axle, and transmission technologies, improving power transfer
and soil adaptability. Earlier, engine power was the main distinguishing factor, but with
transmission advancements, power conversion efficacy has become crucial [6].

Understanding the evolution of tractor performance and efficiency over time is essen-
tial for developing a data-driven evaluation strategy for tractor replacement. This strategy
would enable the identification of the optimal size and power options for both new and
used alternatives. The potential to translate this understanding into an algorithm that
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supports decision-making would enhance the accessibility of the process for agricultural
tractor stakeholders [7].

1.1. Current Issues
1.1.1. Portfolio Complexity

The tractor portfolio, in general, and the mechanical forward wheel assist (MFWA)
particularly, has increased its complexity to the point that the same engine power is offered
in multiple wheelbases and masses (Figures 1 and 2). Wheelbase and mass have a tremen-
dous impact on tractor performance; therefore, the same engine power provides different
performance and efficiency [8,9].
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Figure 1. Power take-off (PTO) power (kW) and wheelbase (m) in studied MFWA tractor testing
according to Organization for Economic Co-operation and Development (OECD) code 2 since 1983.
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Figure 2. PTO power (kW) and total mass (Mg) in studied MFWA tractor testing according to OECD
code 2 since 1983.

1.1.2. Emission Regulations

Diesel engines dominate the agricultural and construction sectors, contributing over
98% of Carbon Dioxide (CO,) emissions in the United States. CO, emissions serve as a
proxy for engine activity and are intricately linked to fuel consumption. Diesel engines
are favored in these industries due to their high torque, durability, fuel efficiency, and
applicability for large-scale tasks [10].

The U.S. EPA [11-13] and the European Union (EU) [14-17] introduced emission
standards for non-road diesel engines in 1994 and 1997, respectively, to mitigate disparities
between engines sold in both regions. These standards, categorized by engine power class,
regulate pollutants such as Nitrogen Oxides (NOx), Particulate Matter (PM), Hydrocarbons
(HCs), and Carbon Oxide (CO).

The implementation of diesel engine emission regulations on successive phases has
fostered the integration of emission reduction technologies such as Exhaust Gas Recircu-
lation (EGR), Diesel Particulate Filters (DPFs), Diesel Oxidation Catalysts (DOCs), and
Selective Catalytic Reduction (SCR) systems to curb emissions of Nitrogen Oxides (NOx),
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Particulate Matter (PM), and Non-Methane Hydrocarbons (NMHCs) that impacted fuel
consumption [18,19]. Mitigating the efficiency improvement provided by the integration of
advanced technologies such as turbocharging, intercooling, Variable Geometry Turbocharg-
ers (VGTs), High-Pressure Common Rain (HPCR), Electronic Fuel Injection (EFI), and
stepless transmissions aids in optimizing power delivery while improving environmental
sustainability [20-22].

The deployment of emission reduction technologies plays a pivotal role in enhancing
environmental sustainability through several mechanisms. These technologies facilitate
the reduction in harmful pollutants emitted by decreasing the release of pollutants. Emis-
sion reduction technologies contribute to improving air quality and mitigating adverse
health effects [18,22-24].

Emission regulations have been observed to influence both cost factors [25,26] and
fuel consumption rates [23] (Figure 3).
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Figure 3. PTO specific fuel consumption (kg/kW-h) in studied MFWA tractor testing according to
OECD code 2 since 1983.

1.2. Previous Studies

Numerous publications have extensively examined the historical trajectory of the
agricultural tractor, exploring its multifaceted impact on rural development [27,28] and
agricultural practices [29,30] and economic landscapes [31].

Some studies have delved into specific facets such as individual brands [32], notable
figures [33], industry emergence [34], and its competitiveness [35], while others have scruti-
nized the performance of officially tested tractors [36] and assessed the enduring relevance
of the actual dominant design paradigms [37,38]. But no previous publication has evaluated
the performance evolution of closely related models throughout the industry history.

Robert Grisso has conducted extensive research on predicting tractor fuel con-
sumption based on OCDE tractor test results, providing ingenious prediction models
for tractors [4,5,39].

However, a notable gap in the literature persists: a comprehensive evaluation of the
performance evolution of closely related tractor models.

1.3. Hypothesis and Goals

Robert Grisso et al.’s seminal research offers a comprehensive and detailed prediction
model for tractor fuel consumption. However, even this notable work did not account for
the accelerating complexity of agricultural machinery or the unforeseen implications of
emission reduction technologies.

This study aims to develop a robust yet user-friendly methodology and model for esti-
mating the specific fuel consumption of a tractor based on key variables such as wheelbase,
mass, PTO power, cohort, and generational age. The goal is to facilitate the determina-
tion of equivalent fuel consumption across various dimensional scales, providing a more
adaptable and comprehensive tool for assessing tractor efficiency.
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The model developed based on this methodology will support data-driven decision-
making within agricultural enterprises, enabling the assessment of optimal strategies for
tractor replacement or productivity enhancement. The tool will evaluate tractors with
specific wheelbase, mass, power, and age parameters performing pulling tasks under
defined operational conditions—such as operating x% of the time at full load, y% at 75%
of full load, and z% at 50% of full load with reduced engine speed. This evaluation will
involve comparisons between the current tractor and newer or less-aged models, which
may or may not have similar physical attributes, and under similar or differing operational
conditions. By examining these alternative tractor configurations, the model will provide
insights into efficiency differences, with implications for ownership strategies such as
traditional financing, financial leasing, operating leasing, rental, or custom hire. This
comprehensive analysis will empower agricultural enterprises to make more informed,
financially sustainable decisions, ultimately fostering long-term profitability.

2. Materials and Methods
2.1. Dataset

The OECD tractor tests provide a globally recognized, standardized framework for
assessing the performance, efficiency, and safety of agricultural tractors. These tests en-
compass engine power, fuel consumption, traction, hydraulics, and safety under controlled
conditions, ensuring both reproducibility and comparability. The insights derived from
these tests are invaluable, supporting informed decision-making by farmers, purchasers,
and policymakers, and contributing to market transparency, technological innovation,
and sustainability.

Given that not all agricultural tractor manufacturers adhere to the OECD code 2 testing
protocol with the same frequency or rigor, it is essential to utilize the test results from those
who do, in order to effectively evaluate the productivity and efficiency of manufacturers
who do not comply with these standards.

John Deere, Moline, IL, USA, being one of the most active participants in OECD
code 2 testing—both in terms of the quantity and diversity of models tested, including
various powertrains, and the thoroughness of the tests, considering different engine settings
and loads (both ballasted and unballasted)—was selected as the subject of this study.
Furthermore, the genealogical stability (consistent production facilities) and traceability
of John Deere tractor models, coupled with publicly available, legally binding operator’s
manuals, make them particularly well suited for inclusion in this study’s dataset.

The dataset encompasses all 138 John Deere tractors equipped with mechanical for-
ward wheel assist (MFWA) that have undergone OECD code 2 drawbar testing, spanning
from 1982 to 2024.

2.2. Data Preparation
2.2.1. Tractor Cohorts (Chrt)

Original Equipment Manufacturers (OEMs) typically organize their tractor models
into series that, while exhibiting common physical characteristics such as size, mass,
features, and user interfaces, differ in engine power. In certain instances, these OEM-
defined tractor series may encompass a range of models with significantly varying size,
mass, and /or features, suggesting the need for further subdivision into cohorts (Chrt) with
more homogeneous attributes. The progression of the average wheelbase (m), total mass
(Mg), and PTO power (kW) for each generation (see Section 2.2.2) under study is presented
in Figures 4-6.
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Figure 4. MFWA tractor wheelbase (m) generational (gen) evolution grouped by cohort as testing
according to OECD code 2.
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Figure 5. MFWA tractor total mass (Mg) generational (gen) evolution grouped by cohort as testing
according to OECD code 2.
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Figure 6. MFWA tractor PTO power (kW) at rated engine speed generational (gen) evolution grouped
by cohort as testing according to OECD code 2.

As tractors have evolved, becoming larger, heavier, and more powerful, gaps have
emerged between models, resulting in increasing differentiation. These gaps were subse-
quently filled by new tractor cohorts, leading to overlaps in several key attributes. This
progression has resulted in a dense and complex tractor portfolio, as illustrated in Figure 7.

2.2.2. Tractor Generations

The implementation of emission regulations for off-road diesel engines has signifi-
cantly influenced the release schedules of tractor models. The timeline for these regulations
has impacted different power ranges, leading to the synchronization of tractor genera-
tions with specific regulatory phases. As a result, the current generation, referred to as
Generation 0, includes tractors that are compliant with European Stage V emission stan-
dards. Generation-1 comprises those that meet European Stage IV and U.S. Final Tier
4 standards, while Generation-2 includes tractors that conform to Stage IIIb and Interim
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Tier 4. Generation-3 refers to Stage Illa- and Tier 3-compliant models, Generation-4 to
Stage II- and Tier 2-compliant tractors, and Generation-5 to Stage I- and Tier 1-compliant
tractors. Finally, Generation-6 encompasses models that predate the introduction of emis-
sion regulations, also known as Stage 0 and Tier 0, with Generation-7 including their
immediate predecessors.
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Figure 7. MFWA tractor PTO power (kW) at rated engine speed evolution grouped by model and
cohorts (Chrt) and generations (gen) as tested according to OECD code 2.

Moreover, the need to evaluate the evolution of productivity and, more importantly,
efficiency across tractor generations is underscored by the advancements in engine, power-
train, and tire technologies. These developments have not only enabled higher productivity
levels but also improved efficiency, which has been further influenced by the implementa-
tion of emission reduction technologies, as demonstrated in Figure 8.
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Figure 8. MFWA tractor specific fuel consumption (kg/kW-h) during PTO test at rated engine speed
generational evolution grouped by cohort as testing according to OECD code 2.

2.3. Data Regression

One of the primary motivations for this study is the absence of existing literature
that examines the evolution of productivity and efficiency across all emission regulation
tiers (ranging from pre-emission standards, or Tier 0, to Final Tier 4). This gap includes
an analysis of the effects of implemented technical solutions on various tractor cohorts
spanning multiple generations from 1982 to 2024. The analysis of these data facilitated the
development of models that describe the evolution of pull power and fuel consumption
under different engine settings, considering the impact of the applied technical solutions.
Multiple models were constructed to identify an optimal balance between complexity and
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robustness, aiming to provide the most effective solutions while minimizing cognitive and
computational demands.

Linear and polynomial regression are both statistical methods used to model the
relationship between a dependent variable and one or more independent variables. Linear
regression assumes that the relationship between the dependent variable y and the inde-
pendent variable x can be described by a straight line. The goal of linear regression is to
estimate the values of the coefficients that minimize the sum of squared errors between
the observed data and the predicted values. Polynomial regression extends linear regres-
sion by fitting a curved relationship between the dependent and independent variables.
This method models the relationship as a polynomial of degree n, where the independent
variable is raised to higher powers. The coefficients are estimated in a similar way to
linear regression, but the higher-degree terms allow the model to capture more complex,
nonlinear patterns in the data [40].

Linear regression is ideal for datasets where the relationship between variables is
approximately linear, offering simplicity, interpretability, and robustness. It is well suited
to scenarios where computational efficiency is essential and the risk of overfitting is low.
In contrast, polynomial regression is more appropriate when the relationship between
variables is nonlinear and more flexibility is required. However, it comes with the risk
of overfitting, increased complexity, and higher computational costs, particularly as the
polynomial degree increases. The choice between these two approaches depends on the
specific nature of the data and the goals of the analysis [41,42].

In both cases, the fitting process involves minimizing the difference between the
observed data and the model’s predictions, typically using techniques like Ordinary Least
Squares (OLS), which is a statistical method used in regression analysis to estimate the
relationship between a dependent variable and one or more independent variables [43,44].
The goal of OLS is to find the parameter estimates (coefficients) that minimize the sum of
squared differences between the observed values and the values predicted by the linear
model. Specifically, OLS minimizes the sum of squared residuals, where a residual is
the difference between an observed data point and the corresponding predicted value
from the regression model [45,46]. This method assumes that the relationship between the
dependent and independent variables is linear and that the errors (residuals) are normally
distributed with constant variance. OLS provides the Best Linear Unbiased Estimator
(BLUE) under the Gauss—Markov assumptions [47].

A graphical summary of the data source, independent variables, evaluated models,
studied parameters, and dependent variables can be seen in Figure 9.

Data OECD Code 2
source tractor test
A 4 A 4 : Yy Yy
Independent PTO Power Mass Wheelbase Generation Cohort
variables (kW) (Mg) (m) (value0to-7)|| (value 1to 6)
v
Evaluated Models
models (1to11)
1
Y y
Studied SREC. el Power
parameters (kg/kW-h) (kW)
Y A 4 1 A 4 A 4 3 Y ; A 4 3
Dependent PTO Drawbar ||Drawbar75% D(r)afwr\]/qbaaxr' Sa?'A’ Drawbar  [|Drawbar 75% D(r)a;vr\]/qbaaxr' 2?'/ °
variables max. of max, red. spd. max. of max, red. Spd.

Figure 9. Materials and methods graphical summary.
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The following variables and coefficients have been evaluated in order to determine

the specific fuel consumption (kg/kW-h):

pwr = tested PTO power (kW) at rated engine speed.

mss = tested total tractor mass (Mg).

wbs = tested tractor wheelbase (m).

generation; = i tractor generations analyzed in this study (i from 0 to —7 and value 1
or 0).

cohortj = j tractor cohorts in which the study tractor population has been grouped (j
from 1 to 6 and value 1 or 0).

Coefpwﬂ = coefficient that affects the power.

Coefpwrz = coefficient that affects the powerz.
coefngs1 = coefficient that affects the mass.
coef,ssr = coefficient that affects the mass?.

coefyps1 = coefficient that affects the wheelbase.

coefyype = coefficient that affects the wheelbase?.

coefpwrmss = coefficient that affects the power and mass product.
coefpwrwhs = coefficient that affects the power and wheelbase product.
coefnsswhbs = coefficient that affects the mass and wheelbase product.

y = dependent variable:

e  Specific fuel consumption (SFC) in kg/kW-h;
e  Drawbar (DB) power in kW.

The following models, summarized in Table 1, have been evaluated:

Table 1. Model independent variables summary (considered binomial are power—-mass, power—

wheelbase, and mass—-wheelbase).

Model Power Mass Wheelbase Binomial Generation Cohorts
1 linear
2 linear linear linear
3 poly. 2nd  poly. 2nd  poly. 2nd
4 poly. 2nd  poly. 2nd  poly. 2nd linear
5 poly. 2nd  poly. 2nd  poly. 2nd linear (wbs?)
6 poly. 2nd  poly. 2nd  poly. 2nd linear (mss?)
7 poly. 2nd  poly. 2nd  poly. 2nd linear (pwr?)
8 linear linear linear linear linear
9 linear linear linear linear linear linear
10 poly. 2nd  poly. 2nd  poly. 2nd linear linear linear
11 poly. 2nd  poly. 2nd  poly. 2nd linear (mss?) linear linear
Model 1:
Y = coef i, X pwr? + coef iy X pwr + coef (1)
Model 2:
Y = coef X pwr 4 coef o X mss + coef ,, X whbs 4 coef (2)
Model 3:

— 2 2 2
Y = coef pn X pwrs+coef g X pwr +coef .o X mss” +coef . X mss + coef 0 X whs

+coef 1 X whs 4 coef
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Model 4:
Y = coef ., X pwr? + coef i X pWr +coef oo X mss® + coef . X MSs + coef o X wbs®
Fc0ef yps1 X WS 4 COCS s X PWE X WSS 4 COCS i X PWI X Whs (4)
+coef oowps X MSS X wbs + coef
Model 5:
y= coefpm2 x pwr? + coefpwr1 X pwr + coef ..o X Mss® + coef g X mss + coef pn X wbs?
Fc0ef yps1 X WS 4 COCS s X PWIT X MSS 4 COCS s X PWT X wbs® 5)
“coef copps X MSS X wbs? + coef
Model 6:
Y = coef i X pwr? + coef i X PWI + coef oo X mss? + coef .. X MSs + coef po X wbs?
Fcoef e X WS + coef o X prT X mss® + COef pprwps X PWT X Wwbs (6)
+c0ef 1 cawps X MSS? X whs + coef
Model 7:
Y = coef X pwr? + coef iy X PWI +coef o X mss? + coef g X MsS + coef o X pwr?
Fcoef yps1 X Whs + coef e X pwr? x mss + COef pipriops X pwr? x wbs (7)
+coef, ops X MSS X whs + coef
Model 8:
Yy = coef X pwr +coef i X mss + coef ,, X whbs + coef ,; X generation; + coef 8)
Model 9:
Y = coef X pwr +coef oo X mss +coef ,p, X whbs + coef ,; X generation; 4 coef ; X cohort; + coef )
Model 10:
y= coefpwr2 x pwr? + coefpwrl X pwr + coef .o X MSs% + coef . X mss + coef 0 X pwr? (10)
Fcoef s X Whs + coef ; X generation; 4 coef ; x cohort; + coef
Model 11:
y= coefpwr2 x pwr? + coefpml X pwr + coef .o X MSs® + coef . X MSS + coef 0 X pwr?
Fc0ef yps1 X WS 4 COCS s X PUT X mss? + COef pprops X PWT X Whs (11)

+coef cuwps X MSS? X whs + coefgi X generation; + coefcj X cohort; + coef

The same models (1 to 11) have been evaluated for drawbar power prediction (in the

same drawbar at maximum power, at 75% of maximum power, and at 50% of maximum

power at reduced engine speed).

In evaluating the performance of the model, two metrics have been utilized: the root

mean squared error (RMSE) and the coefficient of determination (R?). The RMSE was

selected for its ability to express errors in the same units as the outcome variable, thereby

facilitating easier interpretation. A model with perfect accuracy would yield an RMSE

value of zero. In contrast, R? has been employed to quantify the proportion of variance in

the dependent variable that is explained by the regression model [48].

3. Results

The robustness of the models can be observed my means of their respective coefficients

of determination (RSq) and root mean squared error (RMSE) corresponding results for spe-

cific fuel consumption (kg/kW-h), as seen in Table 2, and drawbar power, as seen in Table 3,

for the power take-off power test (PTO Pwr Test) and drawbar performance test at maxi-

mum power (DB Max. Power), 75% of pull at maximum power (75% Pull @ Max. Pwr.),

and 50% of pull at reduced engine speed (50% Pull @ Red. Sped.)
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Table 2. Specific fuel consumption (kg/kW-h) evaluated model results.

Model PTO Pwr Test DB Max. Pwr 75% Pull @ Max. Pwr 50% Pull @ Red. Spd.
ode RSQ RMSE RSQ RMSE RSQ RMSE RSQ RMSE
1 0.6091 0.0097 0.5998 0.0134 0.6545 0.0178 0.6123 0.0242
2 0.6216 0.0096 0.6318 0.0130 0.6681 0.0175 0.6383 0.0235
3 0.7120 0.0085 0.6591 0.0126 0.6923 0.0171 0.6592 0.0231
4 0.7321 0.0083 0.6814 0.0124 0.7167 0.0166 0.6829 0.0226
5 0.7296 0.0083 0.6783 0.0124 0.7133 0.0167 0.6784 0.0227
6 0.7305 0.0083 0.6810 0.0124 0.7130 0.0167 0.6741 0.0229
7 0.7286 0.0084 0.6693 0.0126 0.7026 0.0170 0.6662 0.0231
8 0.7767 0.0076 0.7223 0.0116 0.7507 0.0156 0.6866 0.0225
9 0.7836 0.0076 0.7580 0.0110 0.7910 0.0146 0.7405 0.0209
10 0.8372 0.0067 0.7810 0.0106 0.8127 0.0140 0.7533 0.0206
11 0.8519 0.0065 0.8123 0.0100 0.8373 0.0132 0.7691 0.0202

Table 3. Drawbar power (kW) evaluated model results.

Model DB Max. Pwr 75% Pull @ Max. Pwr  50% Pull @ Red. Spd.
ode RSQ RMSE RSQ RSQ RMSE RSQ
1 0.9899 4.8068 0.9900 3.7181 0.9809 3.4632
2 0.9902 4.7721 0.9901 3.7246 0.9810 3.4802
3 0.9914 4.5143 0.9914 3.5091 0.9829 3.3437
4 0.9921 4.3873 0.9923 3.3740 0.9837 3.2986
5 0.9921 4.3935 0.9922 3.3812 0.9837 3.2993
6 0.9920 4.4145 0.9921 3.4033 0.9834 3.3262
7 0.9921 4.3873 0.9923 3.3788 0.9837 3.3034
8 0.9925 4.2934 0.9923 3.3885 0.9831 3.3684
9 0.9934 4.1103 0.9932 3.2312 0.9854 3.1949
10 0.9937 4.0534 0.9938 3.1333 0.9860 3.1683
11 0.9943 3.9141 0.9945 3.0012 0.9868 3.1175

The analysis of the specific fuel consumption (SFC) for various models across different
operational conditions is presented in Table 2. The models were evaluated under four
distinct scenarios: PTO Power Test, BD Maximum Power, 75% Pull at Maximum Power, and
50% Pull at Reduced Speed. For each scenario, the coefficient of determination (RSQ) and
root mean square error (RMSE) were calculated to assess model fit and prediction accuracy.

In general, the results indicate a significant variation in model performance across the
evaluated conditions. For the PTO Power Test scenario, model 11 exhibited the highest
RSQ value (0.8519), followed by model 10 (0.8372), suggesting that these models provided
the best fit for this particular condition. In contrast, model 1 showed the lowest RSQ value
(0.6091), indicating a weaker fit relative to other models.

For BD Maximum Power, model 11 again demonstrated superior performance, with
the highest RSQ of 0.8123 and the lowest RMSE of 0.0100. Models 8 and 9 also displayed
strong results in this condition, with RSQ values of 0.7223 and 0.7580, respectively. On the
other hand, Models 1 and 2 yielded relatively lower RSQ values, indicating less accurate
predictions for this scenario.

The 75% Pull at Maximum Power scenario followed a similar trend, with model 9
achieving the highest RSQ value (0.7910), closely followed by model 11 (0.8373). The RMSE
values for these models were relatively low, further supporting their accuracy. Models 1
and 2, however, demonstrated the least favorable results, with RSQ values of 0.6545 and
0.6681, respectively.
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For the 50% Pull at Reduced Speed scenario, model 9 showed the best performance,
with an RSQ value of 0.7405 and RMSE of 0.0209. Notably, the performance across all
models in this scenario was consistent, with only slight variations in the RSQ values ranging
from 0.6123 (model 1) to 0.7691 (model 11). Models 1 and 2 again exhibited lower RSQ
values, indicating less precise predictions compared to the higher-performing models.

In summary, models 9, 10, and 11 generally outperformed the others across all test
conditions, with model 11 showing the best overall performance in terms of both RSQ
and RMSE. These findings suggest that these models provide the most reliable estimates
of specific fuel consumption across different operational scenarios. However, further
refinement of the models, particularly for lower-performing scenarios such as PTO Power
Test and BD Maximum Power, could enhance prediction accuracy.

The evaluated models demonstrated varying degrees of prediction accuracy across
different operational conditions, as shown in Table 3. The performance of each model was
assessed using key statistical metrics, including the coefficient of determination (RSQ) and
root mean square error (RMSE) for three distinct pulling conditions: maximum drawbar
power (DB Max. Pwr), 75% pull at maximum power (75% Pull @ Max. Pwr), and 50% pull
at reduced speed (50% Pull @ Red. Spd.).

Model 1 exhibited an RSQ of 0.9899 for maximum drawbar power, with an RMSE
of 4.8068 kW, and demonstrated strong predictive accuracy across the other two condi-
tions. The RSQ values for the 75% pull at maximum power and 50% pull at reduced
speed were 0.9900 and 0.9809, respectively, with corresponding RMSE values of 3.7181 kW
and 3.4632 kW.

Models 2 through 11 consistently improved upon the initial model, achieving higher
RSQ values and lower RMSE values across all conditions. Model 2 recorded a slight im-
provement with an RSQ of 0.9902 (DB Max. Pwr) and a corresponding RMSE of 4.7721 kW,
which was followed by model 3, with RSQ values of 0.9914 and RMSE of 4.5143 kW, reflect-
ing an enhanced fit for both DB Max. Pwr and 75% Pull @ Max. Pwr. Model 4 demonstrated
further improvement with RSQ values reaching 0.9921 and 0.9923, and RMSE values of
4.3873 kW and 3.3740 kW, respectively.

The highest levels of accuracy were achieved with Models 9, 10, and 11. Specifically,
model 9 exhibited an RSQ of 0.9934 for DB Max. Pwr and an RMSE of 4.1103 kW. Models
10 and 11 further optimized prediction accuracy, with model 11 reaching an RSQ of 0.9943
for DB Max. Pwr and RMSE values as low as 3.9141 kW. Additionally, model 11 achieved
RSQ values of 0.9945 and 0.9868 for the 75% Pull @ Max. Pwr and 50% Pull @ Red. Spd.,
respectively, with corresponding RMSE values of 3.0012 kW and 3.1175 kW, indicating
highly accurate predictions across all conditions.

The data indicate that incorporating BD Maximum Power into the predictive models
significantly enhances the accuracy of power prediction across all evaluated conditions.
Model 11, with the highest RSQ and lowest RMSE values across the board, provides the
most reliable predictions for drawbar power under varying operational scenarios. These
results suggest that further refinement of the model with additional parameters may yield
even greater predictive performance in future work.

4. Discussion

The OECD tractor test offers significant advantages, providing high-quality, accessible
data that add considerable value to the field of agronomy, and by extension, to society.
The development of data-driven methodologies is inherently beneficial, with the impact
being significantly enhanced when these methodologies are high-quality, transparent, and
publicly accessible.
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Incorporating additional variables, such as wheelbase and mass (model 2), alongside
the traditionally considered PTO power (model 1), enhances both the R-squared (RSq) and
root mean square error (RMSE) for specific fuel consumption and drawbar power across all
evaluated engine load and speed settings—namely, maximum power, 75% of maximum
power, and 50% of maximum power at reduced engine speeds. Even when these variables
are included linearly, improvements are evident (PTO Power Specific Fuel Consumption
RSq from 0.6091 to 0.6216).

When wheelbase and mass are introduced into the regression as second-degree poly-
nomial terms alongside PTO power (model 3), the robustness of the model improves across
all dependent variables. Further, incorporating a binomial relationship between wheelbase,
mass, and PTO power leads to additional improvements in the RSq and RMSE values,
simultaneously optimizing the studied parameters (model 4 to 7) (PTO Power Specific Fuel
Consumption RSq from 0.9914 to 0.9921).

Grouping the tractors by technological generation (model 8) and incorporating these
groups into the regression model enhances the predictive accuracy of previous models. How-
ever, this effect is surpassed when tractors are additionally grouped by physical attributes-
based cohorts (model 9) and added linearly to the regression model, with a more substantial
improvement observed when these attributes are introduced in a second-degree polynomial
form (model 10) (PTO Power Specific Fuel Consumption RSq from 0.9925 to 0.9937).

The inclusion of binomial variables representing the interaction between wheelbase,
mass, and PTO power further strengthens the robustness of the regression model. Notably,
when this binomial relationship includes the squared term for mass, it results in the highest
levels of model robustness among all the tested configurations (model 11) (PTO Power
Specific Fuel Consumption RSq of 0.8519) (See Appendix A for coefficients).

It was anticipated that specific fuel consumption for PTO power would yield the best
R-squared (RSq) and root mean square error (RMSE) values, as drawbar power involves
dynamic and cinematic variables that are absent in stationary PTO power.

It is noteworthy that the evaluated models demonstrate a greater ability to accurately
describe drawbar power behavior at 75% of maximum pull bar power (75% Pull @ Max.
Pwr), compared to when assessing maximum pull bar power (BD Max. Pwr). This indicates
a higher level of precision in the model’s performance at this intermediate load. Conversely,
the model’s ability to describe drawbar power at 50% of maximum pull bar power at
reduced engine speed (50% Pull @ Red. Spd.), while still robust, was somewhat less precise,
which is expected due to the inclusion of an additional variable, engine speed, in the
analysis (RSq of 0.9945, 0.9943 and 0.9868).

The methodology and model presented offer a more robust assessment of specific fuel
consumption, thereby justifying the necessity for generation and cohort grouping. This
approach contrasts with the analysis of drawbar power, where such grouping may not be
as critical. In cases where isolated analyses are required, a less variable, alternative model
may suffice.

Future Stydie Recommendations

The methodology employed in the current study primarily focuses on analyzing
the evolution of tractor performance and efficiency, from pre-Tier 1 to the current Final
Tier 4 standards, in the context of drawbar pull applications as defined by OECD code 2
tractor tests. As such, the scope of the study does not extend to detailed predictions of fuel
consumption at specific engine loads and speed settings, including idle and load conditions.
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Future research could expand on this by investigating other power take-off systems,
such as hydraulic or electric power outputs once these systems have been independently
tested in accordance with OECD code 2 equivalents. It would be valuable to examine
these power take-offs as well as drawbar pull under various workload scenarios, including
intermediate, fixed, or cyclic operations, to better understand their impact on fuel consump-
tion and overall tractor efficiency as well as vehicle emissions. Moreover, future studies
could explore different operational conditions, potentially incorporating a broader range
of performance scenarios to more comprehensively model tractor energy usage across
diverse applications.

5. Conclusions

The proposed methodology is grounded in publicly available, high-quality data from
the OECD tractor test, facilitating a robust and transparent dataset that ensures data
accessibility and openness (1). This approach incorporates size-related attributes, such
as wheelbase and mass, alongside the traditionally used power take-off (PTO) measured
power, thereby enhancing the model’s robustness by addressing the increasing density and
complexity of the tractor portfolio (2). Furthermore, the methodology categorizes tractors
into size-based cohorts and technology-based generations, which further strengthens the
model’s robustness (3).

The selected model demonstrates superior robustness, as evidenced by the highest
R-squared (RSq) values and the lowest root mean square error (RMSE) for key performance
indicators, such as drawbar power (productivity) and specific fuel consumption (efficiency),
both at the PTO and drawbar (4). Additionally, the model offers flexibility in application by
evaluating performance at various operational levels: maximum power, 75% of maximum
power, and 50% of maximum power at reduced engine speeds (5).

The simplicity of the methodology, in turn, enhances ease of use, broadening stake-
holder accessibility by reducing cognitive demands and computational power requirements
(6). This model enables stakeholders to make data-driven decisions by facilitating the con-
version of productivity and efficiency analyses for tractors with diverse characteristics,
including size, mass, PTO power, and age (7).

Incorporating additional tractor OEMs that offer OECD tractors under this methodol-
ogy and model would enhance the state of the art. Furthermore, employing non-parametric
models to address the limitations in data quantity and quality would further improve the
robustness of the analysis.
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Appendix A

Table Al. Selected model (model 11) coefficients for specific fuel consumption kg/kW-h) and
power (kW) at power take-off (PTO Pwr. Test), drawbar maximum power (DB Max. Pwr.), 75%
of maximum power (75% Pull Max. Pwr.), and 50% of maximum power at reduced engine speed
(50% Pull @ Red. Spd.).

Specific Fuel Consumption (kg/kW-h) Drawbar Power (kW)
Coefficient PTO Pwr. BD Max. 75% Pull @ 50% Pull @ BD Max. 75% Pull @ 50% Pull @
Test Pwr. Max. Pwr Red. Spd. Pwr. Max. Pwr Red. Spd.
cof prormss —248 x107¢  —1.67x107® —-350x107°  3.44 x 107 7.63 x 1074 6.44 x 1074 4.19 x 1074
coef porwbs 0.0013 0.0028 0.0036 0.0040 —0.9069 —0.7848 —0.4940
coef s —0.0011 —0.0033 —0.0036 —0.0044 0.0768 0.2290 0.6186
coef pur> 159 x 107®  —4.64x 1077 -9.79x 1078 —253x107® 139 x 1073 1.26 x 1073 8.27 x 1074
coef oo 0.0038 0.0108 0.0128 0.0144 —0.3631 —0.8879 —2.3329
coef e —0.1881 —0.1699 —0.3195 —0.2675 90.5187 68.3840 13.1318
coef .1 —0.0030 —0.0157 —0.0302 —0.0328 —0.4585 1.0243 8.9200
coef pn 0.8769 0.7111 1.5125 1.2376 —389.5790 ~296.2519 —50.5722
coef ) 0.0216 0.0190 0.0300 0.0350 2.3012 2.2435 —4.7346
coe f§_7 0 0 0 0 0 0 0
coefgf6 —0.0010 0.0007 0.0007 0.0028 1.5741 1.5623 —3.5789
coefg75 0.0119 0.0132 0.0184 0.0241 1.7771 1.7593 —3.8391
coef874 0.0169 0.0225 0.0296 0.0302 1.4235 1.7915 —4.4166
coefg_3 0.0216 0.0190 0.0300 0.0350 2.3012 2.2435 —4.7346
coef i o 0.0328 0.0235 0.0307 0.0248 3.9527 4.1087 —5.0199
coef%1 0.0294 0.0141 0.0182 0.0155 8.7574 7.7383 —3.3393
coe I§ 20 0.0272 0.0147 0.0209 0.0200 6.0824 5.6664 —5.2044
coef . 0 0 0 0 0 0 0
coef .5 0.0093 —0.0005 —0.0129 —0.0251 2.0093 2.7019 1.0747
coef 4 0.0123 0.0012 —0.0101 —0.0096 3.6275 4.8623 0.9628
coefc3 0.0192 0.0119 —0.0035 0.0049 0.7371 2.5272 —1.3172
coef 5 0.0262 0.0160 0.0033 —0.0024 2.2380 3.9765 —1.5888
coef 4 0.0471 0.0391 0.0285 0.0247 —1.0538 2.0150 —5.5286
coe —0.7150 —0.3276 —1.2889 —0.9076 409.7138 311.4502 23.4191
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