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Abstract

Predicting tractor performance factors accurately is crucial for enhancing energy efficiency
and assisting with the choice of machinery in agricultural operations. Using the Nebraska
Tractor Test Laboratory (NTTL) identical data, this study uses artificial neural network
(ANN) modeling to forecast important performance metrics of a front wheel assist (FWA)
Massey Ferguson tractor. A feed-forward ANN model was developed and validated using
reported data from official tractor tests. Performance indicators, such as drawbar pull
(kN), drawbar power (kW), hourly fuel consumption rate (kg/h), drawbar specific fuel
consumption (kg/kW-h), and drawbar specific volumetric fuel efficiency (kW /kg-h), were
utilized as outputs and certain operational factors, the tractor characteristics variables as
well as other variables were used as inputs. Statistical measures, including the coefficient
of determination and error metrics from training and testing datasets, were used to assess
the model’s performance. The results showed that the ANN model produced excellent
generalization capabilities and good prediction performance by correctly capturing the
nonlinear correlations between inputs and tractor performance indicators. The suggested
strategy performed better than traditional regression-based techniques documented in
the literature, especially when operation variables and tractor characteristics varied. The
results show that combining NTTL data with ANN techniques offers a dependable and
affordable method for predicting tractor performance indicators and evaluating energy
efficiency. This eliminates the need for extensive experimental procedures and promotes
data-driven decision-making in agricultural machinery management.

Keywords: drawbar pull; farm mechanization; modeling; specific fuel consumption; fuel efficiency

1. Introduction

A vital component of farm mechanization, tractors are essential to raising agricultural
productivity. Because they supply the energy required for various crop production opera-
tions, tractors are highly adaptable pieces of equipment with a wide range of applications
in agriculture [1]. Conversely, prediction is essentially a forecast of future events [2]. Ac-
cording to Hanke and Reitsh [3], economic prediction is the examination of historical data
to recognize its fundamental movements and patterns. The ability to predict can determine
whether a plan succeeds or fails. Understanding the potential applications of tractor perfor-
mance forecasts is a prerequisite for comprehending the significance of a reliable technique
for generating them. Tractor performance is a significant factor in the overall cost of tractor
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ownership, and it should be considered in both timing and amount [1]. However, according
to Almaliki et al. [4], modeling approaches are typically employed in farm mechanization
activities to provide valuable information for changing tractor and implement parameters,
which are crucial for farm machinery, operators, and manufacturers.

The use of data-driven methods in agricultural machinery performance analysis is
expanding; however, current research frequently uses linear or semi-empirical models and
offers scant attention to model generalization, multicollinearity, and validation methodolo-
gies. Furthermore, very few studies have used standardized test data to rigorously examine
multi-output prediction of tractor performance indicators. Combining standardized trac-
tor test data with a thoroughly verified multi-output Artificial Neural Network (ANN)
framework that prioritizes generalization, robustness, and interpretability over predictive
accuracy alone is what makes this work novel. Soft computing is one of the most widely
used methods for modeling and predicting the behavior of nonlinear systems, such as trac-
tor performance indicators. According to Almaliki et al. [4], soft computing technology is
an interdisciplinary area of computational science research. Numerous methods, including
statistics, machine learning tools such as ANNSs, and fuzzy logic, are currently employed in
soft computing for exploratory data analysis [5].

Complex input—-output connections are increasingly being modeled using ANNs [6,7].
Neural networks’ primary benefit is their ability to learn from previously unknown in-
formation hidden in the data, though they cannot cite it explicitly. The ANN partially
simulates how the human brain learns. Simple components working in tandem make up
neural networks. Biologic nerve systems serve as the inspiration for these components [8].
Like in nature, the connections between the network’s components play a significant role in
determining how well it functions. By varying the weights (connections) between elements,
a neural network can be trained to perform a specific task. Furthermore, because ANNs are
resilient to noise fluctuations, naturally noisy data do not appear to be an issue [1]. ANNs
are a valuable tool for decision-making across a wide range of applications. This is because
these networks aim to simulate the functions of the human brain. They are employed
in fields that have historically relied on statistical prediction and classification. Learning
straight from examples without attempting to guess the statistical parameters is one of the
primary benefits of employing neural networks [1].

Accurate modelling can help manage farm machinery in a tractor-implement system.
Despite the concerns regarding continuous increases in using machine learning techniques
in studying tractor performance [9], there are no significant studies to forecast tractor
performance parameters such as drawbar power, drawbar pull, hourly fuel consumption
rate, specific fuel consumption, and specific volumetric fuel efficiency from characteristics
of the tractor, engine parameters, and operation variables together using a method of
machine learning techniques. Furthermore, due to the lack of a precise relationship between
the operative and performance parameters, and given the high precision and speed of
the ANN technique, it has attracted many followers today. Thus, in this research, we
explore the potential of an ANN model in predicting tractor performance indicators based
on 20 variables acquired from NTTL tractor test reports for a Massey Ferguson tractor,
front wheel assist (FWA) type, as inputs and five indicators as outputs, defined as the
drawbar pull (kN), drawbar power (kW), hourly fuel consumption rate (kg/h), drawbar
specific fuel consumption (kg/kW-h), and drawbar specific volumetric fuel efficiency
(kW-h/kg). It is believed that this study is the first of its kind and can therefore aid in
formulating appropriate policies to manage the performance of mechanization units and
achieve optimal performance.
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Related Works

Few studies have particularly concentrated on predicting the performance parameters
of Massey Ferguson tractors using NTTL data inside an ANN framework, despite the wide
availability of Nebraska Tractor Test data and the shown efficacy of ANN methodologies.
The majority of current research studies either uses ANN models on reported datasets
without utilizing standardized tractor test outcomes or it examines NTTL data descriptively.
In order to create prediction models for Massey Ferguson tractor performance indicators,
there is still a glaring research gap in the integration of NTTL data with ANN modeling.
In addition to showcasing the potential of an ANN model as trustworthy instruments for
agricultural machinery analysis, filling this gap can improve decision-making for tractor
selection, performance optimization, and energy efficiency evaluation.

Many researcher studies have concentrated on applying the ANN method or other
techniques to extrapolate the prediction to the entire tractor-implement system because
agricultural tractor performance is affected by multiple parameters [10-17]. Using reported
data from NTTL test reports—which provide characteristics of various components such
as tractor specifications, fuel characteristics, engine components, weather data during test
days, cooling medium temperature parameters, etc.—the ANN method was used to predict
performance indicators. To forecast some tractor performance indicators, other studies
used reported data from NTTL test reports. For example, Ozbayer and Giiner [18] gathered
information from 418 tractors that NTTL tested from 2004 to 2017. They made an effort
to collect standard data on tractor weight, drawbar power, forward speed, engine speed,
specific fuel consumption, and PTO power. Fuel consumption and drawbar power were
quantitatively evaluated, employing both nonlinear and linear regression analysis. Fuel
consumption as a function of engine speed, load situation, throttle setting, tractor frame
type, tractor weight, PTO power, and drawbar power was predicted by Rahimi-Ajdadi and
Abbaspour-Gilandeh [11] using NTTL data. They employed multiple regression and ANNS,
with corresponding coefficients of determination of 0.973 and 0.986. Harris [19] forecasted
tractor engine performance metrics, such as torque and fuel consumption, using NTTL
data via prediction models with engine speed and throttle setting as predictor variables.
Karwasra [1] used information from 141 tractor test reports conducted at the Central Farm
Machinery Training & Testing Institute (India) between 1997 and 2013. Engine speed,
atmospheric pressure, travel speed, number of friction plates, atmospheric temperature,
wheel slip, rated engine speed, compression ratio, number of engine revolutions for one
driving wheel revolution, wheelbase, reduction through final drive, maximum sustained
pull, drawbar pull for ballasted and unballasted conditions, number of cylinders, stroke
length, tractor mass for ballasted and unballasted condition, height of drawbar, engine
capacity, cylinder bore, and fuel consumption were the 20 input variables. The output was
drawbar power. The outcomes attained from different ANN feedforward neural network
models. The best ANN model had two hidden layers with 35 neurons in the first hidden
layer and 35 neurons in the second hidden layer with (20-35-35-1) structure. This model
yielded the highest R? (0.994) and, across all three phases, the lowest MSE values of 0.040,
1.284, and 1.549 for the training, testing, and validation steps, respectively.

As more information becomes available, ANNs can continuously improve perfor-
mance predictions by adjusting to changing situations and learning from new data. As
technology advances, ANNs can incorporate additional data sources into their forecasts,
producing predictions that are increasingly precise and tailored. The agriculture industry’s
ability to anticipate tractor performance indicators could be entirely transformed by ANNS.
Farmers may increase productivity, optimize operations, and make well-informed deci-
sions by utilizing ANNs. Accurately forecasting tractor performance indicators will save
money, reduce its environmental impact, and increase productivity. It can be anticipated
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that ANNSs will become increasingly important in shaping the direction of agriculture as
technology advances [16]. In revisions guided by diverse scholars, different approaches
have been employed to forecast tractor performance parameters such as fuel consumption
rate, drawbar pull, drawbar power, specific fuel consumption, and fuel efficiency, ranging
from statistical and analytical methods to new artificial intelligence procedures.

2. Materials and Methods
2.1. The Essential Tractor Performance Data

The official tractor testing facility in the USA is the Nebraska Tractor Test Laboratory
(NTTL), which is located at the University of Nebraska, USA. All test results are published
by the NTTL [20] as reported data. The tests are designed to gather data for evaluating
the performance indicators of tractors from various models and makes. The summary test
reports include characteristics about fuel, engine type, number of engine cylinders, rated
engine speed, bore and stroke length of the cylinder of the engine, compression ratio of
the engine, displacement of the engine, tractor chassis type, tractor wheelbase, information
about tires and weight, height of drawbar, etc.

Every test is conducted under identical or comparable test conditions and protocols.
Tractor tests are often performed to evaluate hydraulic lift capability, hydraulic system
pressure and flow, drawbar performance, and PTO (power take-off) performance. When
comparing the fuel consumption of tractors of various sizes, it is helpful to use the fuel
consumption represented in kW-h/kg. Because Massey Ferguson tractors are widely used
on Saudi Arabian farms, especially for agricultural machinery tasks, they were chosen for
the current study to collect the necessary data. Without defining any screening criteria,
30 test reports for this tractor type were examined, and pertinent performance data were
obtained from the test report summary. Because the drawbar pulls, forward speed, and
fuel consumption varied across tests, the 30 test reports evaluated yielded 353 data points.

Data were collected from 30 test reports conducted on a standard concrete track at
NTTL for one tractor type, Massey Ferguson, with a front wheel assist (FWA) chassis. To
analyze the database, descriptive statistics have been used in this investigation. Table 1
depicts statistical measures for tractor performance inputs and measured and calculated
outputs in the collected dataset from test reports of the tested FWA Massey Ferguson
tractors using NTTL data from 1997 to 2016.

Table 1. Statistical measures for tractor performance inputs and calculated outputs in the collected
dataset from test reports of the tested FWA Massey Ferguson tractors from 1997 to 2016.

Variable Unit Minimum Maximum Mean Star‘lda.rd
Deviation
Inputs
Number of engine cylinders (X2) (Dimensionless) 4.00 6.00 5.57 +0.82
Stroke length (X5) (mm) 120.00 145.00 128.83 +7.57
Fuel density (X1) (kg/lit) 0.84 0.85 0.85 +0.01
Rated engine speed (X3) (rpm) 2100.00 2200.00 2180.74 +39.49
Cylinder diameter (X4) (mm) 100.00 111.00 104.66 +4.32
Compression ratio (X6) Dimensionless) 16.00 19.30 17.24 +0.72
Engine displacement (X7) (ml) 3990.00 8419.00 6221.41 +1320.7
Wheelbase (X8) (mm) 2093.00 3105.00 2759.88 +251.33
Forward speed (X9) (km/h) 2.14 20.06 8.47 +3.55
Engine speed (X10) (rpm) 1793.00 2282.00 2023.35 +138.99
Ambient air temperature (X12) “cO) 0.00 27.00 16.71 +6.95
Inflation air inside the rear tires (X15) (kPa) 65.00 110.00 94.35 +11.33
Cooling medium temperature (X11) °O) 64.00 95.00 85.21 +4.24
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Table 1. Cont.

Variable Unit Minimum Maximum Mean Star.lde}rd
Deviation
Diameter of the front wheel rim (X16) (in) 24.00 34.00 28.68 +1.76
Barometer (X13) (kPa) 95.73 103.20 100.90 +1.52
Inflation air inside the front tires (X17) (kPa) 60.00 130.00 102.40 +15.53
Diameter of the rear wheel rim (X14) (in) 34.00 46.00 40.07 +3.26
Static weight on front tires (X20) (kg) 1605.00 5090.00 2803.95 +1038.5
Height of the drawbar above the (mm) 500.00 640.00 554.77 +£37.86
ground (X18)
Static weight on rear tires (X19) (kg) 2478.00 6930.00 4022.88 +1304.9
measured and calculated outputs
Fuel consumption (measured) (kg/h) 11.11 57.71 27.38 +10.69
Drawbar power (calculated) (kW) 2491 201.16 90.71 +42.63
Drawbar pull (measured) (kN) 7.30 120.57 42.70 +20.04
Drawbar-specific volumetric
fuel efficiency (kW-h/kg) 2.14 4.22 3.24 +0.41
(calculated)
Drawbar specific fuel (kg/kW-h) 0.24 0.47 0.31 +£0.04

consumption (calculated)

Hourly fuel consumption (FC) in lit/h was converted to kg/h using fuel density
(kg/lit) and drawbar power (DPP, kW), drawbar specific volumetric fuel efficiency (DSVFE),
and drawbar specific fuel consumption (DSFC, kg/kW-h) were determined as follows:

Drawbar pull (kN) x FS (¥n)

DPP(kW) = 36 1)
kg
kg ,_ FC (f)
DSFC (5v'n) = DPP (kW) @
DPP (kW)
DSVFE (kW-h/kg) = —————~ 3
( /kg) FC (%) (3)

where FS is forward speed (km/h), the lit/h was converted to kg/h using the fuel density
(kg/lit), and drawbar power was determined as the product of forward speed and traction
force (Equation (1)).

2.2. The Architecture of an Artificial Neural Network Model for Tractor Performance
Indicator Prediction

An ANN is a technique used to solve complex problems that is based on the basic
principles of how the human brain functions [21]. Neurons, connections, and training rules
are the three primary components of an artificial neural network [22]. Furthermore, an
ANN consists of three layers—the input layer, output layer, and hidden layer—each with
interconnected neurons. Trials are used to determine the number of signals the hidden
layer sends to the output layer after receiving signals from the input layer [23].

As shown in Figure 1, the training procedure is used in ANN models called multilayer
perceptrons, which are composed of neurons arranged in several layers and connected
to form a network with forward propagation [24]. The multilayer perceptron method
addresses complications that are not linearly separable, a main limitation of the standard
linear perceptron technique [24]. Hecht-Nielsen [25] demonstrated that any solution surface
of practical importance could be modelled with just one hidden layer of neurons. This re-
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search evaluates a multilayer perceptron model that predicts the tractor’s five performance
characteristics by varying the number of neurons in a single hidden layer.

imputiiee (e it o . | Output layer
Figure 1. Multilayer perceptron topology (forward propagation in a model of an artificial neural network).

ANNSs can be employed to resolve problems that require hard-to-calculate input—
output interactions and to approximate non-linear functions, as they are data-driven and
distribution-free [26]. High projected accuracy, ease of handling missing data, resilience
to noise, and efficiency in managing a variety of nonlinear, unknown interactions in the
system are only a few benefits of using ANNs [26]. Because ANNSs have higher estimation
and prediction accuracy than multiple linear regression models, they are a more effective
modeling tool for predicting soil compaction, shear stress, and tractor performance [11,27].

Using the Qnet v.2000 software (Vesta Services), Winnetka, IL 60093, USA [28], an
ANN model with standard back-propagation was created for this study to predict tractor
performance indicators. Three layers—an input layer, a hidden layer, and an output layer—
generally define an ANN. Typically, the available data are split into two randomly selected
subsets: 20% for testing and 80% for training. The Qnet v. 2000 was used in our study to
randomly select 70 of 353 data points for the testing phase.

The number of neurons in the hidden layer of the ANN model in this study was
selected using a trial-and-error approach because, in general, there is no set technique for
determining the number of hidden layers of an ANN model or the number of neurons
within them. By comparing the networks’ performance, the number of hidden layers and
neurons in the hidden layer (or layers) was determined in this study. Additionally, tests
were conducted on the sigmoid function between layers and on the hyperbolic tangent
conversion functions. There are five outputs and twenty inputs in the established ANN
model used in this study. These inputs included the following: number of engine cylinders,
stroke length, fuel density, rated engine speed, cylinder diameter, static weight on front
tires of the tractor, ambient air temperature, compression ratio of the engine, engine speed,
tractor wheelbase, forward speed, engine displacement, inflation air inside the rear tires
of the tractor, cooling medium temperature, diameter of the front wheel rim of the tractor,
barometer, inflation air inside the front tires of the tractor, diameter of the rear wheel rim of
the tractor, height of the drawbar of the tractor above the ground, and static weight on rear
tires of the tractor.

Hourly fuel consumption rate (kg/h), drawbar specific fuel consumption (kg/kW-h),
drawbar specific volumetric fuel efficiency (kW /kg-h), and drawbar pull (kN) were the
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outputs, which define the tractor performance indicators. To improve the accuracy, perfor-
mance, and speed of the ANN, the inputs and target outputs were normalized or scaled
linearly to 0.15-0.85 in this study using Qnet v. 2000 software [28] before the dataset was
used for model construction. By scaling the input data into a predetermined range, nor-
malization helps the network identify patterns without being influenced by the size of
the inputs. When using sigmoid or tanh activation functions, the normalization range of
0.15-0.85 is historically and theoretically appropriate. During gradient descent, the network
converges more quickly and steadily when the weights and biases are kept in a more ideal
range by normalizing to a particular, smaller range [29].

To achieve optimal ANN performance, the main choices for applying the ANN with
Qnet v. 2000 software [28] involve several steps [30]. The software normalized the data by
reverse-scaling it after the predications were finished. There were no rules for determining
the optimal architectural parameters for a feedforward ANN. The network’s ability to learn
was evaluated by looking at the correlation values after training and performance testing.
Using the trial-and-error method, the Qnet v.2000 software [28] in this study generated the
ideal network with an ANN topology of (20-50-5) after 100,000 iterations (Figure 2).

Fueldensity

Number of engine cylinders

Rated engine speed ——————p
gine <p! Drawbar power

Cylinder diamete

Stroke length
Compression ratio  ———

Fuel consumption

Engine displacement
rate

Wheelbase ——*

Forward speed

Engine speed — Drawbar pull

Cooling medium temperature —

Ambientair temperature ~———p

Barometer —_—
Drawbar specific

fuel consumption

Diameter of the rear wheel rim ————

Diameter of the front wheel rim ———-

Inflation air inside rear tires ———» Drawbar specific

volumetric fuel effi

Inflation air inside front tires Output layer
(5 neurons)
Height of the drawbar

above the ground

—

Staticweightonreartires
Static weight on fronttires _____

Input layer
(20 neurons)

Figure 2. To predict five performance indicators of a tractor, the developed ANN topology comprised
of a structure of 20-50-5.
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2.3. Determining the Contribution Percentages of Each Input on Tractor Performance Indicators

To determine which inputs are necessary for tractor performance indicators modeling,
a contribution percentage analysis was conducted. This method determines the change in
output when an input variable is modified within a specified range. In the current study,
which is based on Massey Ferguson tractor test reports from NTTL, USA, contribution
percentages are a useful way to determine the influence of inputs on tractor performance
indicators. It automatically determines all input parameters that influence the outputs
of a trained feed-forward neural network. Understanding this relationship is essential
for understanding how one variable’s performance parameters vary, and it helps inform
updates to performance data when information is scarce. Much information about the rela-
tive importance of the components of an output can be obtained by analyzing percentage
contributions [31]. Additionally, the contribution proportion of each input to the created
ANN model may be determined using the input node interrogator option in the application
Qnet v. 2000 software [28].

2.4. Determining the Accuracy of the ANN Model for the Prediction of Tractor Performance Indicators

The prediction accuracy was assessed on the training and test datasets using the error
between the expected and observed values. Statistical measures, including R-squared (R?),
mean absolute percentage error (MAPE), mean absolute error (MAE), and root mean square
error (RMSE), were used to analyze the data. Collectively, they conducted a comprehensive
assessment of the degree of agreement between the model predictions and the observed results.
The Equations (4)—(6) can be used to determine MAPE, MAE, and RMSE [32,33], respectively.

_ 1 Nt | P — By
MAPE = 100 x TR Zqzl 2 (4)
ol P - By
MAE = "T (5)
A2
YN (P =P
RMSE — ql(thtq) ©)

where P, is the observed value, pq is the prediction value, and Ntt is the total number of
data points in the test or training datasets. A decent prediction is made when the MAPE
is between 10% and 20%, but the best forecast is made when the MAPE is less than 10%,
according to Qazi et al. [34].

3. Results and Discussion
3.1. Correlation Analysis

A correlation analysis was performed using an Excel spreadsheet (version 2013) to
evaluate multicollinearity among the 20 input variables prior to ANN modeling. How-
ever, because of their physical connection, a variety of engine construction parameters,
such as engine displacement, stork length, cylinder diameter, and number of cylinders,
may show substantial correlations. When two or more predictor variables in a statistical
model have a linear relationship, this is referred to as collinearity. High levels of linear
intercorrelation between explanatory variables in a multiple regression model are known as
multicollinearity and may cause regression analyses to produce inaccurate conclusions [35].
One issue that might happen while using a multiple regression model is multicollinearity.
Multicollinearity can also exist in the fields of machine learning and artificial intelligence
in this era of large data [36]. According to [37], a bivariate correlation of 0.8 or 0.9 is
commonly used as a cut-off to indicate a high correlation between two regressors. Highly
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collinear variables greater than 0.9 must be eliminated because multicollinearity is almost

certainly a problem with correlation coefficients over 0.9 [38]. Repetitive variables were

either eliminated based on correlation thresholds ( | correlation coefficient | range 0.8-0.9) or

kept in accordance with their physical significance in order to lessen the negative impact of

multicollinearity on model stability and generalization. The pairwise correlation coefficient

(r) in our analysis is less than 0.85, according to the correlation analysis (Tables 2 and 3).

Table 2. The pairwise correlation coefficient (r) among explanatory variables *.

X1 X2 X3 X4 X5 X6 X7 X8 X9
X1 1
X2 —0.355 1.000
X3 0.721 —0.256 1.000
X4 —0.626 0.187 —0.448 1.000
X5 —0.386 0.184 0.052 0.412 1.000
X6 0.099 —0.364 —0.064 0.154 —0.285 1.000
X7 —0.622 0.796 —0.336 0.661 0.623 —0.282 1.000
X8 —0.218 0.511 0.041 0.188 0.014 —0.065 0.421 1.000
X9 —0.149 0.054 —0.077 0.155 0.182 —0.168 0.161 —0.058 1.000
X10 0.310 —0.085 0.173 —0.145 —0.167 0.073 —0.170 —0.204 —0.422
X11 0.279 —0.230 —0.183 —0.221 —0.280 0.040 —0.335 —0.455 0.190
X12 0.152 —0.017 0.084 —0.154 —0.261 —0.284 —0.143 —0.013 0.081
X13 —0.150 —0.068 —0.368 —0.187 —0.333 0.200 —0.231 —0.162 —0.077
X14 —0.288 0.410 0.064 0.648 0.679 —0.213 0.761 0.369 0.137
X15 0.753 —0.371 0.188 —0.587 —0.718 0.290 —0.730 —0.299 —0.207
X16 —0.239 0.345 —0.269 0.559 0.544 —0.306 0.641 0.021 0.159
X17 0.409 —0.217 —0.184 —0.538 —0.448 0.100 —0.513 —0.614 —0.093
X18 0.504 0.077 0.274 —-0.217 —0.224 —0.085 —0.122 —0.172 —0.040
X19 —0.575 0.490 —0.209 0.746 0.732 —0.244 0.775 0.381 0.198
X20 —0.716 0.526 —0.430 0.783 0.720 —0.171 0.809 0.315 0.186
* X1, X2, X3, X4, X5, X6, X7, X8, X9, X10, X11, X12, X13, X14, X15, X16, X17, X18, X19, and X20 are defined
in Table 1.
Table 3. The pairwise correlation coefficient (r) among explanatory variables *.
X10 X11 X12 X13 X14 X15 X16 X17 X18 X19 X20
X10 1.000
X11 0.111 1.000
X12 0.143 0.218 1.000
X13 —0.282 0.088 —0.379 1.000
X14 0.031 —0.310 0.043 —0.630 1.000
X15 0.304 0.474 0.072 0.194 —0.593 1.000
X16 —0.096 0.016 —0.023  —0.155 0.698 —0.342 1.000
X17 0.222 0.617 —0.022 0.475 —0.648 0.730 —-0.111 1.000
X18 0.516 0.299 —0.094 —0.143 0.027 0.486 0.035 0.365 1.000
X19 —0.217 —0.386 —0.111 —0.294 0.751 —0.797 0.735 —0.646 —0.263 1.000
X20 —-0265 —-0.308 —0.172  —0.153 0.762 —0.795 0.740 —0.538  —0.316 0.754 1.000

*X10, X11, X12, X13, X14, X15, X16, X17, X18, X19, and X20 are defined in Table 1.
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3.2. Data Analysis

The statistical measures in Table 1 indicate the mean, minimum, maximum, and
standard deviation for all 20 input variables and five output variables in the database.
The highest and lowest drawbar power values were 201.16 kW and 24.91 kW, respectively
(Table 1), and the highest and lowest specific fuel consumption values were 0.47 and
0.24 kg/kW-h (Table 1), indicating that they are within the ranges generally developed
by agricultural tractors [39]. Furthermore, fuel efficiency ranged from 2.14 kW /kg-h to
4.22 kW /kg-h (Table 1).

3.2.1. Drawbar Pull

In the formed dataset, different input variables affect the drawbar pull. Some of these
impacts are shown in Figure 3. The impact of inflation air inside the rear tires of a tractor
was inversely proportional to the drawbar pull with a low coefficient of determination
(R? = 0.2696, Figure 3a). This pattern was noted in a prior study [40], which found that lower
tire inflation on suitable tires can enhance drawbar characteristics. However, it does not
always result in better drawbar characteristics. Additionally, it is well known that a tire’s
best tractive performance can be achieved by adjusting its inflation pressure in accordance
with the soil conditions it travels over [41]. Moreover, in the study by Serrano et al. [42],
they reported that increasing tire pressure, especially by significant amounts, can reduce
a tractor’s tractive efficiency. The lesser the inflation pressures, the more the force on the
drawbar [43,44].

This study examines the impact of static weight on the rear tires of the tractor on
the drawbar pull (Figure 3b). The relationship was positive, with a low coefficient of
determination (R? = 0.460). Increasing the static load on the rear axle improves tractive
performance, but the vertical load applied to the tires depends on their properties [45]. As
considered by Kumar et al. [46], raising the ballast loads on the axles tractors enhances
their pulling facility. Additionally, tractor ballasting is essential to achieving ideal drawbar
pull qualities, according to Adam et al. [47].

Additionally, this study examines the influence of tractor drawbar height above
ground on drawbar pull (Figure 3c) using the collected dataset. The impact was inversely
proportional to drawbar pull with a low coefficient of determination (R? = 0.0163). This
trend was reported by Seflek et al. [39], who tested the effects of tractor drawbar height
(520, 530, and 540 mm above the ground) on pulling force and discovered that the highest
pulling force was produced by a drawbar height of 520 mm. Generally, the tractor’s rear
wheels experience less load when the drawbar is lowered, but the front wheels experience
more load. The tractor finds it more challenging to apply the necessary drawbar pull as a
result [48].

To maintain steering capability during the test for tractors without rear axle steering,
Formula (7) applies [49]:

PxH<08W x Z (7)

where Z is the wheelbase in millimeters, W is the static load applied by the front wheels
on the ground in newtons, H is the static height of the line of pull above the ground in
millimeters, and P is the maximum drawbar pull in newtons.

The present study examines the effect of tractor wheelbase, ranging from 2093 mm
to 3105 mm, on the drawbar pull (Figure 3d), utilizing the collected dataset. The impact
was a positive drawbar pull effect, with a low coefficient of determination (R? = 0.0978).
Nonetheless, a tractor’s wheelbase and track width are essential design elements that affect
its overall performance, stability, and traction. To design tractors that are suited for partic-
ular uses and effectively meet the demands of contemporary agriculture, manufacturers
carefully take these criteria into account [50].
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Figure 3. Effect of different input variables on drawbar pull in the formed dataset, (a) describes the
relationship between inflation air inside the rear tires of the tractor and drawbar pull, (b) describes
the relationship between static weight on the rear tires of the tractor and drawbar pull, (c) describes
the relationship between height of the drawbar of the tractor above the ground and drawbar pull,
and (d) describes the relationship between the wheelbase of the tractor and drawbar pull.

3.2.2. Drawbar Power

A linear model (Figure 4) was used to modify the behavior of the drawbar power at the
drawbar on standard concrete track with different affecting variables, namely inflation air
inside rear tires of the tractor (Figure 4a), static weight on rear tires of the tractor (Figure 4b),
height of the drawbar of the tractor above the ground (Figure 4c), and tractor wheelbase
(Figure 4d). The lower coefficient of determination (R?) may be attributed to a nonlinear
relationship [51]. The inflation air inside the rear tires negatively affected drawbar power,
with a moderate R? of 0.5827, as shown in Figure 4a. Meanwhile, static weight on the rear
tires had a positive effect on drawbar power, with an R? of 0.8333, as shown in Figure 4b.
Additionally, the height of the drawbar above the ground negatively affects drawbar power,
with a lower R? of 0.0357, as shown in Figure 4c. Furthermore, tractor wheelbase had a
positive effect on drawbar power with a lower R? of 0.071, as shown in Figure 4d.

3.2.3. Hourly Fuel Consumption

The feature that provides farmers with information to help them find proof of trac-
tor maintenance and use optimization is fuel consumption data for agricultural tractors.
Among the many tractor tire characteristics that affect operational effectiveness are tire
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type, inflation pressure, and ballasting [52]. In the formed dataset, different input variables
affect hourly fuel consumption. Some of these impacts are shown in Figure 5.
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Figure 4. Effect of different input variables on drawbar power in the formed dataset, (a) describes the
relationship between inflation air inside the rear tires of the tractor and drawbar power, (b) describes
the relationship between static weight on the rear tires of the tractor and drawbar power, (c) describes
the relationship between height of the drawbar of the tractor above the ground and drawbar power,
and (d) describes the relationship between the wheelbase of the tractor and drawbar power.

The impact of inflation air inside the rear tires of a tractor was inversely proportional
to hourly fuel consumption, with a low coefficient of determination (R? = 0.4925, Figure 5a).
This pattern was noted in a prior study [53], which found that increasing tire inflation
can lower fuel consumption. Additionally, Emmanuel [54] verified the impact of tire air
pressure on fuel consumption. The test revealed that fuel consumption is more significantly
influenced by tire pressure. According to the results, a pressure of 10 kPa used 5.3 liter
of fuel per hour, whereas 40 kPa used just 3.5 liter per hour. Tire pressure directly affects
fuel consumption during a tractor-plow operation. Research indicates that when tractor
tire pressures drop below the recommended level, more fuel is used. This implies that
a farmer will spend more on fuel when operating tractors with tire pressures below the
recommended level [54]. Inflation pressure combinations in front and rear tires for a tractor
that produced roughly 2% lead for the front driving wheels decreased the hourly fuel
consumption by 2.5-3.0%, according to Cipliené et al. [55]. As the tire’s contact with the
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road increases and the carcass structure deteriorates, lowering tire pressure below a specific
threshold has a detrimental effect on tire life [56].
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Figure 5. Effect of different input variables on hourly fuel consumption in the formed dataset,
(a) describes the relationship between inflation air inside the rear tires of the tractor and hourly fuel
consumption, (b) describes the relationship between static weight on the rear tires of the tractor
and hourly fuel consumption, (c) describes the relationship between height of the drawbar of the
tractor above the ground and hourly fuel consumption, and (d) describes the relationship between
the wheelbase of the tractor and hourly fuel consumption.

This study discovers the impact of static weight on rear tires of the tractor on the hourly
fuel consumption (Figure 5b). The relationship was positive, with a high coefficient of
determination (R? = 0.8174). Increasing the static load on the rear axle increases the hourly
fuel consumption, but the vertical load applied to the tires depends on their properties [45].

Additionally, this study discovers the influence of tractor drawbar height of the
trator above ground on hourly fuel consumption (Figure 5c) using the collected dataset.
The impact was an inverse effect on hourly fuel consumption, with a low coefficient of
determination (R? = 0.0166). Adjusting the drawbar height is crucial for reducing energy
losses and improving operational effectiveness during field activities [39]. Furthermore, this
study explores the impact of tractor wheelbase (2093-3105 mm) on hourly fuel consumption
(Figure 5d) using the collected dataset. The impact was positive on hourly fuel consumption,
with a low coefficient of determination (R? = 0.054).
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3.2.4. Drawbar Specific Fuel Consumption

The engine’s efficiency in converting fuel mass into mechanical energy is measured
by the drawbar specific fuel consumption (DSFC, kg/kW.h); lower DSFC values indicate
higher efficiency [56]. Lower drawbar specific fuel consumption occurred when a tractor
operated on concrete and unplowed soil compared to plowed soil [57]. DSFC, measured
and calculated during the trials, ranged between 0.519 and 1.237 L/kW-h when using a
tractor with chisel plow for a forward speed range of 0.60, 0.95, 1.20 and 1.40 m/s and
plowing depth rang of 15, 19.5, 23 and 26.5 cm and the mechanization unit was operated in
a clay soil [58].

In Figure 6, within the inflation air inside rear tires of the tractor range (Figure 6a),
the DSFC increases with a lower R? of 0.1556. A lower R? means that the relationship
may be nonlinear. It is observed that DSFC increases with increasing internal pressure
of the driving wheels [56]. The tire’s surface area in contact with the ground increased
as tire pressure decreased. Accordingly, traction efficiency increased and specific fuel
consumption decreased due to the higher grip force [56].
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Figure 6. Effect of different input variables on drawbar specific fuel consumption in the formed
dataset, (a) describes the relationship between inflation air inside the rear tires of the tractor and draw-
bar specific fuel consumption, (b) describes the relationship between static weight on the rear tires of
the tractor and drawbar specific fuel consumption, (c) describes the relationship between height of
the drawbar of the tractor above the ground and drawbar specific fuel consumption, and (d) describes
the relationship between the wheelbase of the tractor and drawbar specific fuel consumption.
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It is represented by Figure 6b, the DSFC decreases with the increase in static weight
on rear tires of the tractor in the range of 2478 to 6930 kg, and the relation is weak with
R? of 0.1637 (Figure 6b). Usually, lower DSFC was achieved due to better wheel traction,
resulting from higher drawbar power and lower hourly fuel consumption [59].

Tractor performance and efficiency are closely correlated with two important agri-
cultural engineering parameters: the drawbar height above the ground and specific fuel
consumption. During field operations, maximizing fuel efficiency and reducing energy
losses requires proper drawbar height optimization [39]. In addition to increasing fuel
efficiency and pulling capability, adjusting the tractor speed and drawbar height provides a
workable framework for adopting sustainable farming methods. However, drawbar height
modifications are crucial for reducing energy losses and increasing operational effective-
ness during field operations [39]. As shown in Figure 6¢, increasing the drawbar height
above the ground increased DSFC, with a lower R? of 0.0099. This trend was reported by
Seflek et al. [39], who conducted an experiment to determine the impact of tractor drawbar
height (520, 530, and 540 mm above the ground) on specific fuel consumption, and they
found that a drawbar height of 520 mm yielded the lowest specific fuel consumption of
267.03 g. kW /h and this was due to the fact that at the specific height (520 mm), the
maximum drawbar power occurred. As shown in Figure 6d, increasing the tractor wheel
base led to a decrease in DSEC with a lower R? of 0.0292; however, the importance of tractor
wheelbase is seen through Equation (7).

3.2.5. Drawbar Specific Volumetric Fuel Efficiency (DSVFE)

The ratio of the output power at the drawbar to the energy corresponding to the
fuel used per unit of time is the overall power efficiency of a tractor’s accomplishment
drawbar effort [60]. However, this is called the drawbar specific volumetric fuel efficiency
in this study.

Tire pressure and ballasting affect tractor performance [61]. Therefore, it is crucial to
examine potential factors that could enhance tractors’ tractive performance and, in turn,
their power delivery efficiency. In the present study, the DSVFE range was 2.14 kW.h/kg to
4.22 kW-h/kg (Table 1). According to NTTL data, the typical range of specific volumetric
fuel efficiency is 2.36 to 4.1 kW-h/lit, according to Grisso et al. [62]. Additionally, it is sug-
gested that the specific volumetric fuel efficiency of a tractor-chisel plow as a mechanization
unit can be described as the drawbar power (kW) divided by the fuel consumption rate
(kg/h). In Figure 7, within the inflation air inside rear tires range (Figure 7a), the DSVFE
increases with lower R? of 0.2017. It is seen that DSFC decreases with the increase in the
internal pressures of the driving wheels. Proper modifications of tire inflation pressure
contributed to improving the fuel efficiency of tractors [42].

As represented by Figure 7b, the DSVFE increases with the increase in static weight on
rear tires of the tractor in the range of 2478 to 6930 kg, and the relation is weak with an R? of
0.2239 (Figure 7b). Usually, lower DSFC was achieved due to better wheel traction, resulting
from higher drawbar power and lower hourly fuel consumption [59]. Furthermore, as
shown in Figure 7c, increasing the drawbar height above the ground decreased DSVFE, with
a lower R? of 0.0135. Furthermore, as shown in Figure 7d, increasing the tractor wheelbase
led to an increase in DSVFE, with a lower R? of 0.0565. Such trends are connected to
drawbar power and lower hourly fuel consumption.
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Figure 7. Effect of different input variables on drawbar specific volumetric fuel efficiency in the
formed dataset, (a) describes the relationship between inflation air inside the rear tires of the tractor
and drawbar specific volumetric fuel efficiency, (b) describes the relationship between static weight
on the rear tires of the tractor and drawbar specific volumetric fuel efficiency, (c) describes the
relationship between height of the drawbar of the tractor above the ground and drawbar specific
volumetric fuel efficiency, and (d) describes the relationship between the wheelbase of the tractor and
drawbar specific volumetric fuel efficiency.

3.3. Performance Analysis of the Developed Artificial Neural Network to Predict the Tractor
Performance Indicators

The Qnet v.2000 [28], software’s ANN approach was used to identify the optimal
ANN model for predicting tractor performance indicators. Twenty independent variables
comprised the ANN’s input layer. The trial-and-error method was used to analyze 50 nodes
in the first hidden layer. In the output layer, five neurons were employed. The activation
function for the hidden layer was a sigmoid. After 100,000 epochs (iterations), the optimal
network was found with a learning rate of 0.002879 and a momentum factor of 0.8. It
produced a testing error of 0.023628 and a training error of 0.017977.

The learning curves throughout the training and testing phases are displayed in
Figures 8 and 9, respectively. The Figure 8 shows the performance curve of the neural
network between RMS Error and number of iterations. The training stops at 100,000 epochs
where the RMS Error is found to be lowest in training phase. Best training performance
was found to have an RMS Error of 0.017977 at 100,000 epochs and the network is prepared
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to predict the output for the input values that have not been used for training. However,
an ideal curve exhibits a steep initial reduction followed by a steady plateau, showing that
the model is successfully learning patterns [63]. There are three types of learning curves:
normal state, underfitting, and overfitting [63]. The training loss function values gradually
decrease until they reach an acceptable low value (Figure 8) as well as the values of the
testing loss function decrease over time, reaching acceptably low values (Figure 9).

= Training phase

20,000 40,000 60,000 80,000 100,000 120,000

Iterations

Figure 8. Learning curve throughout the training phase for the established ANN model (20-50-5).

—Testing phase

20,000 40,000 60,000 80,000 100,000 120,000

Iterations

Figure 9. Learning curve throughout the testing phase for the established ANN model (20-50-5).
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There are legitimate worries about the model’s capacity for generalization, especially
in light of artificial neural networks’ reliance on data. To improve and confirm the model’s
ability to generalize outside of the training dataset, a number of strategies were used in this
investigation. To ensure that model performance was assessed on unknown data, the avail-
able dataset was first split into training and testing subsets. The model did not experience
overfitting and maintained consistent predictive behavior across various data partitions, as
evidenced by the high agreement between the training and testing performance measures
(e.g., coefficient of determination and error indices), as displayed in Table 4. Additionally,
the loss curve, which showed a smooth and converging trend with little divergence be-
tween training and validation losses, was used to track the training process. Instead of
knowing the training samples by heart, this behavior indicates that the learning process
was well-regulated and that the network was able to capture the underlying nonlinear
relationships. Additionally, the engineering significance and physical relevance of the input
variables in tractor performance analysis were taken into consideration when choosing
them, which naturally encourages generalization.

Table 4. RMSE, MAE, MAPE, and R? between the observed and predicted values of tractor perfor-
mance indicators using an ANN model of structure (20-50-5).

Dataset Performance Indictors Unit RMSE MAE MATPE (%) R?
Drawbar pull (kN) 1.540 1.089 2.677 0.994
Drawbar power (kW) 3.171 2.009 2.153 0.995
Hourly fuel consumption rate (kg/h) 1.086 0.695 2.415 0.990
Trainin, ifi
8 Drawbar specific (kg/kW-h) 0.008 0.004 1.351 0.967
fuel consumption
Drawbar-specific volumetric  yry /10y 0,069 0.042 1.350 0.973
fuel efficiency
Drawbar pull (kN) 1.809 1.333 4.093 0.989
Drawbar power (kW) 3.796 2.439 2.865 0.990
) Hourly fuel consumption rate (kg/h) 1.059 0.743 2.902 0.988
Testing Drawbar specific
. (kg/kW-h) 0.011 0.008 2.392 0.923
fuel consumption
Drawbar-specific volumetric (KW-h/kg) 0.095 0.067 2162 0.938

fuel efficiency

The values of R2, MAE, RMSE, and MAPE for the observed and predicted tractor
performance indicators in Table 4 indicate a reasonable degree of error. This demonstrates
that the created ANN model can accurately forecast unknown data. According to the
literature [64], the prediction based on the MAPE has an acceptance level of 10%. Overall,
the majority of models” MAPE values stayed below 5%, suggesting a typically good degree
of prediction accuracy [58]. Depending on the predicted variable, the MAPEs for the
training and testing datasets were acceptable, ranging from 1.350% to 2.677% and 2.162%
to 4.093%, respectively (Table 4).

The R? during the training phase is approximately equivalent to 1 and falls between
0.967 to 0.995 (Table 4). As a result, the parameters chosen and the training data are enough
for the performance prediction under investigation. The network comprehends the data
and modifies weights to achieve the desired output; comparable results were reported
by [11], [65], and [66]. The R? range in the testing phase is 0.923-0.990 (Table 4), which is
lower than the R? range in the training phase. Given that these data are entirely novel for the
developed ANN model, this fact can be explained [1]. We employed the chosen topology
with the previously modified weights throughout the test phase. This step’s goals were to
assess the trained network’s proficiency and test the network generalization property. As a
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result, data other than the training set were used to evaluate the network. The test phase
shows that the established ANN model can predict the tractor performance indicators with
new data, even though the training phase’s outcomes were generally superior.

During the training and testing phases, the mean absolute errors (Table 4) varied across
the indicators. Figures 10-14 show the regression of the best ANN model for drawbar pull,
drawbar power, hourly fuel consumption, drawbar specific fuel consumption, and drawbar
specific volumetric fuel efficiency, respectively, during the test phase for the observed values
against the ANN'’s output values, demonstrating the network’s ability to learn the training
dataset accurately. The coefficient of determination, or R?, for the data was determined to
be in the range of 0.967 to 0.995 and 0.923 to 0.990 (Table 4), respectively, in the training
and testing phases. Moreover, this result shows that the observed and estimated tractor
performance indicators are appropriately associated.

120

v = 1.0013x + 0.0405
100 R?=10.9891 .

80

60

Regression line
40

Predicted drawbar pull (kN)

20

0 20 40 60 80 100 120
Observed drawbar pull (kN)

Figure 10. The relationship between observed and predicted drawbar pull using testing dataset as
well as regression line of the best ANN model.
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Figure 11. The relationship between observed and predicted drawbar power using testing dataset as
well as regression line of the best ANN model.
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Figure 12. The relationship between observed and predicted hourly fuel consumption using testing
dataset as well as regression line of the best ANN model.
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Figure 14. The relationship between observed and predicted drawbar specific volumetric fuel
efficiency using testing dataset as well as regression line of the best ANN model.

The behavior of the built ANN model was nearly identical to that of ANN models
used in earlier research on tractor performance indicators prediction, since the use of ANNs
has become a ground breaking technique [1,4,10,11,15,67,68]. They all showed that ANN
models could correctly forecast behavioral indicators for either a mechanization unit or
a tractor on its own. The difficulty, therefore, lies in determining the best ANN model
architecture for predicting a tractor’s or mechanization unit’s performance or operation
indicators. Predicting tractor performance characteristics, such as drawbar power and
fuel consumption, enables simulation and optimization of tractor performance, enabling
the best possible configuration of various parameters and assisting manufacturers in
making decisions regarding the design of new tractors [1]. The ANN generally offers better
predicted accuracy, especially for nonlinear outputs, according to performance comparisons
between it and several benchmark regressions models [11,69], utilizing identical data
partitions and assessment criteria. Rahimi-Ajdadi and Abbaspour-Gilandeh’s study [11]
used NTTL data. To characterize the factors investigated for predicting tractor fuel use,
they used multiple regression and ANNSs. In addition to comparing the performances of the
developed ANN models using the Mean Square Error (MSE), Sum of Square Error (SSE),
coefficient of determination (R2), and prediction accuracy (PA) scales, the results showed
that the ANN offered comparatively better prediction accuracy (R? = 0.938) in comparison
to stepwise regression (R? = 0.910). In this work, the lowest MSE and SSE values were
found to be 0.001 and 0.010, respectively. The amount of one less than the prediction error
is the prediction accuracy. Explanatory features, data size, and training algorithm can affect
the prediction accuracy when using an ANN model. Karwasra et al. [68], for instance,
employed twenty distinct input characteristics to predict drawbar performance. Tractor
test reports provided the data that was used as input to train the ANN. An ANN with
backpropagation was created. The trial-and-error technique was used to identify the best
ANN structure, and the ANN with two hidden layers—each with 35 neurons—and the
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Levenberg-Marquardt training algorithm performed the best. This neural network’s mean
square error (MSE) and coefficient of determination (R?) were 1.284 and 0.994, respectively.

The results show that the developed ANN model has high predictive performance (for
example, each output has a high R? value and a low root mean square error), indicating that
ANN model can effectively capture the nonlinear relationship between the investigated
inputs and tractor performance indicators. Therefore, using an ANN to derive the operation
rule of performance criteria may be difficult for academics studying tractor operation,
but it is important research for the future. Overall, this study is both interesting and of
practical significance: by using the standardized tractor test data set to build a data-driven
performance prediction model, it holds significant value for mechanical selection, energy
efficiency assessment, and operation planning in agricultural engineering. The idea of
using ANNSs to learn the complex mapping relationships from test report variables to
tractor performance indicators is very timely and has practical significance.

Tractor performance indicators can be estimated using the established ANN model
without lengthy field or laboratory testing. The suggested method provides a dependable
and affordable substitute for experimental testing by utilizing publicly accessible NTTL
data. The developed ANN model can be used to estimate tractor performance indicators
without the need for extensive field or laboratory testing. This has practical implications
for tractor selection and matching with implements, optimization of operating conditions
to reduce fuel consumption, and supporting manufacturers and researchers in performance
analysis. By leveraging publicly available NTTL data, the proposed approach offers a
cost-effective and reliable alternative to experimental testing.

3.4. Result of Determining the Contribution Percentages of Each Inputs on Tractor
Performance Indicators

To assess the relative impact of input variables on the anticipated tractor performance
indicators and to decipher the underlying behavior of the ANN model, a contribution
percentages analysis was carried out. In the NTTL dataset, contribution percentages were
evaluated using the input node interrogator in Qnet v.2000 [28].

Figures 15-19 depict the contribution percentages of input to the investigated outputs
relationship of drawbar power, drawbar pull, hourly fuel consumption, drawbar specific
fuel consumption, and drawbar specific volumetric fuel efficiency the developed ANN
model for the prediction of tractor performance indicators using data from NTTL for
the Massey Ferguson tractor. As a result, forward speed was contributed by different
percentages on drawbar power, drawbar pull, hourly fuel consumption, drawbar specific
fuel consumption, and drawbar specific volumetric fuel efficiency prediction by 11.19%
(Figure 15), 24.59% (Figure 16), 7.21% (Figure 17), 10.38% (Figure 18), and 9.74% (Figure 19),
respectively. So, selecting the optimum forward speed is of critical importance to save fuel
and energy in soil tillage [58]. The sensitivity analysis showed that the majority of tractor
performance indicators were most significantly influenced by forward speed. This result
is in line with tractor performance theory and classical terramechanics and has physical
significance. While speed-dependent soil-tire interactions have a significant impact on fuel
consumption, traction efficiency, and slide behavior, drawbar power is directly proportional
to forward speed. Similar findings have been extensively documented in analytical models
and practical tractor tests, demonstrating that forward speed is a key operational factor
influencing tractor performance [69-73].
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Figure 15. Contribution percentage values of inputs to the drawbar power relationship using the

established ANN model, using data from NTTL for the Massey Ferguson tractor.
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Figure 16. Contribution percentage values of inputs to the drawbar pull relationship using the

established ANN model, using data from NTTL for the Massey Ferguson tractor.
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Figure 18. Contribution percentage values of inputs to drawbar specific fuel consumption relationship
using the established ANN model, using data from NTTL for the Massey Ferguson tractor.
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Figure 19. Contribution percentage values of inputs to drawbar specific volumetric fuel efficiency re-
lationship using the established ANN model, using data from NTTL for the Massey Ferguson tractor.

Rated engine speed was the highest contribution for hourly fuel consumption by 9.62%
(Figure 17) and by 9.78% (Figure 19) on drawbar specific volumetric fuel efficiency predic-
tion. Static weight on the rear tires of the tractor was the highest contributor to drawbar
power, drawbar pull, and hourly fuel consumption rate prediction, by 11.87% (Figure 15),
14.98% (Figure 16), and 10.86% (Figure 17), respectively. Thus, appropriate organization of
the important input parameters, such as forward speed, inflation air pressure inside the
tractor tire, static weight on rear tires of the tractor (ballasting), and engine speed, can aid
in enhancing fuel consumption and drawbar power.

Overall, the contribution analysis shows that the ANN model did not develop mis-
leading correlations but rather associations in line with basic tractor performance theory.
Furthermore, the findings show that interpretable data-driven models may be trained using
standardized NTTL data. The knowledge gathered from this analysis supports the use
of the ANN as a decision-support tool for tractor performance indicators assessment and
energy optimization and increases confidence in its predictive capacity.

4. Conclusions

This study used standardized tractor test data to propose an artificial neural network
(ANN) architecture for forecasting several tractor performance indicators, such as drawbar
pull, hourly fuel consumption rate, drawbar power, drawbar volumetric specific fuel
efficiency, and drawbar specific fuel consumption. The suggested multi-output ANN
model achieved good predicted behavior across all tractor performance indicators by
successfully capturing the nonlinear interactions between investigated inputs and outputs.
The required data were from tractor test reports collected from the Nebraska Tractor Test
Laboratory (NTTL) in the USA, spanning the period from 1997 to 2016 for FWA Massey
Ferguson tractors. A forward neural network model with twenty variables as inputs and
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one hidden layer with 50 neurons provided the best performance of the developed ANN
architecture, which thus consisted of 20-50-5. This study’s findings demonstrated the
superior performance of the ANN trained with the backpropagation algorithm and the
sigmoid function. The following conclusion are summarized:

1.  For drawbar pull, the testing dataset yielded a coefficient of determination (R?) of
0.989 and a root mean square error (RMSE) of 1.809 kN; for the hourly fuel consump-
tion rate, the R? was 0.988 and the RMSE was 1.059%g/h, R? of 0.923 and RMSE of
0.011 kg/kW-h were found for drawbar specific fuel usage. For drawbar volumet-
ric specific fuel efficiency, R? of 0.938 and RMSE of 0.095 kW-h/kg were found; for
drawbar power, R? of 0.990 and RMSE of 3.796 kW were found.

2. The use of data from a single tractor manufacturer limits the proposed model’s
applicability. To increase universality and practical relevance, future studies should
expand the framework to incorporate soil-tool interaction factors and a larger variety
of tractor models.

3. Within the ranges of the input variables examined, the developed ANN model might
be a useful tool for planning the operating characteristics of a Massey Ferguson or
other tractor types. However, in order to boost output and productivity, sustainable
agriculture mostly depends on recently created technologies.
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