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Abstract

Artificial intelligence (AI) tools are increasingly used to support scientific modeling; how-
ever, the reliability of AI-generated mathematical models for predicting agricultural ma-
chinery performance remains insufficiently understood. This study evaluated the ability 
of ChatGPT and Microsoft Copilot to independently formulate numerical models of the 
transverse distribution of organic granular fertilizers applied using a centrifugal spreader. 
AI-generated models are essentially statistical–probabilistic models that do not explicitly 
represent or reconstruct the physical mechanisms underlying particle dynamics. The tools 
received identical descriptions of the experimental conditions and input parameters. The 
tools received identical descriptions of the experimental conditions and input parameters. 
The generated models were subsequently applied under field-based operating conditions 
and benchmarked against measured fertilizer masses collected across the spreading width. 
Two types of fertilizer with contrasting physical characteristics—grain husk granules and 
poultry manure granules—were investigated. Model performance was assessed using 
average collected mass, transverse distribution characteristics, and coefficient of variation 
(CV). For grain husk granules, the experimental average mass and CV were 4.93 g and 
7.78%, respectively. ChatGPT predicted an average of 5.33 g, whereas Copilot predicted 
6.66 g; both models overestimated distribution variability, with CV values of 16.57% and 
17.90%, respectively. For poultry manure granules, the experimental average mass and CV 
were 7.25 g and 16.26%. ChatGPT underestimated the deposited mass (5.83 g) but closely 
reproduced its variability (CV = 15.10%), while Copilot substantially overestimated both 
deposition magnitude (14.93 g) and variability (CV = 21.26%). Overall, ChatGPT produced 
predictions that were more consistent with the experimental distributions, whereas Copilot 
showed a systematic tendency to overestimate fertilizer deposition. The findings demon-
strate that general-purpose AI tools can generate mathematically plausible representations 
of fertilizer spreading but cannot yet provide reliable quantitative predictions without 
material-specific calibration and experimental validation.

Keywords: artificial intelligence; centrifugal fertilizer spreader; organic granular fertilizer; 
spreading uniformity; experimental validation

1. Introduction
Accurate fertilizer application depends not only on determining the appropriate agro-

nomic rate but also on the ability of the spreading machine to deliver the prescribed amount 
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uniformly and at the correct spatial location. In centrifugal spreaders, fertilizer particles 
interact with the metering mechanism, rotating discs, vanes, surrounding air, and other 
particles before reaching the soil surface. Consequently, the resulting spread pattern is 
affected by numerous interacting variables, including particle size, shape, density, moisture 
content, friction and restitution properties, fertilizer flow rate, disc rotational speed, vane ge-
ometry, feed position, machine forward speed, wind conditions, and field topography [1,2]. 
Variations in these factors can produce substantial changes in effective spreading width and 
transverse distribution uniformity.

Traditionally, the performance of fertilizer spreaders has been evaluated experimentally 
using collection trays positioned across the spreading width [3]. Although tray testing 
provides a direct measurement of the deposited fertilizer distribution, it is labor-intensive, 
time-consuming, and dependent on the test environment. Moreover, conventional testing 
provides limited information about particle trajectories and the mechanisms responsible for 
non-uniform distribution.

Physics-based modeling has become another important tool for investigating fertilizer-
spreading processes. Analytical and ballistic models can describe the main stages of particle 
motion, but their predictive capability is often limited when particle–particle and particle–
machine interactions become dominant. The discrete element method (DEM) makes it 
possible to simulate individual particles and their contacts with other particles and machine 
surfaces. Van Liedekerke et al. demonstrated that DEM could provide valuable information 
about fertilizer flow on centrifugal spreading discs and support computer-aided spreader 
development [1,4,5]. Coetzee and Lombard subsequently developed and experimentally 
validated a DEM model of a centrifugal fertilizer spreader and investigated the effects of 
disc speed, fertilizer feed position, feed rate, and vane angle on the resulting distribution 
pattern. DEM studies have provided useful insights into particle flow on spinning discs and 
the effects of disc speed, feed position, flow rate, and vane configuration on spread-pattern 
formation [1,2,6]. Despite these advances, high-fidelity numerical models involve several 
practical limitations. DEM simulations require calibration of contact parameters that are 
often difficult to measure directly, while realistic particle shapes and large particle popula-
tions can result in considerable computational cost. Coupled CFD–DEM models increase 
these requirements further because the interactions between the particles and airflow must 
be resolved simultaneously. In addition, deterministic simulations may not adequately 
represent the variability encountered under field conditions [7]. These limitations restrict 
the direct use of high-fidelity numerical models for real-time prediction, optimization, and 
closed-loop control.

Rapid advances in generative artificial intelligence have introduced a new category of 
tools capable of interpreting natural-language instructions and producing mathematical 
explanations, algorithms, computer code, and structured technical recommendations. Large 
language models (LLMs) such as those underlying ChatGPT (GPT-4) and Microsoft Copilot 
(M365) can potentially assist researchers in translating a physical problem into mathematical 
relationships, selecting modeling approaches, preparing simulation algorithms, generating 
and debugging code, and interpreting model outputs. In agriculture, LLM-based systems 
have already been proposed for knowledge retrieval, decision support, crop management, 
and communication of technical information. Kuska emphasized that LLMs could provide 
substantial value in crop production by connecting heterogeneous information sources 
and supporting context-specific decisions [8]. Similarly, De Clercq and Awad suggested 
that LLMs could improve access to agricultural knowledge and contribute to more efficient 
food-production systems [9]. However, most existing agricultural applications have focused 
on advisory services, information retrieval, and decision support rather than the modeling 
of agricultural machinery and its physical processes.
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The ability of generative AI systems to produce computer code further increases their 
potential relevance to fertilizer spreading research. Empirical evaluations have shown that 
AI-assisted coding tools can generate syntactically valid programs and accelerate certain 
programming tasks. Nevertheless, syntactic validity does not necessarily guarantee physical 
correctness, numerical stability, or agreement with experimental tests [10]. Yetistiren 
et al. found that although most programs generated by GitHub Copilot were executable, 
only a considerably smaller proportion were fully correct. Such findings indicate that 
AI-generated models must be assessed using domain-specific criteria rather than solely 
on whether the output can be executed. This issue is particularly important for spreading 
fertilizer, where an apparently reasonable equation or simulation may violate conservation 
principles, omit important forces, use inappropriate assumptions, or produce unrealistic 
distribution patterns [11]. Comparative investigations of ChatGPT and Microsoft Copilot in 
specialized scientific fields have likewise shown that their performance varies with question 
complexity and that neither system can be regarded as consistently reliable without expert 
verification [12].

In summary, when modeling granular fertilizer distribution, current approaches are 
typically divided into two main categories: mechanistic/dynamics-driven models (e.g., 
analytical ballistic models and the Discrete Element Method—DEM) and AI-generated 
statistical distribution models. While high-fidelity mechanistic models require extensive 
calibration of physical parameters, complex equations, and high computational cost, the 
potential of modern generative AI tools in this domain is rapidly evolving. However, little 
systematic information is available on whether general-purpose LLMs (such as ChatGPT 
and Microsoft Copilot) can independently formulate scientifically valid fertilizer spreading 
models without explicit guidance. In particular, a significant research gap remains regard-
ing whether these models, when provided solely with textual descriptions and no reference 
equations or training examples, can identify governing variables, formulate motion equa-
tions, and generate computational procedures capable of predicting fertilizer distribution 
with engineering accuracy.

Therefore, the novelty and originality of this study stem from the experimental evalua-
tion and direct comparison of general-purpose LLMs (ChatGPT and Microsoft Copilot) in 
formulating fertilizer-spreading prediction models under zero-example, text-only prompts. 
The AI-generated models were validated under field conditions across full spreading widths 
using two organic granular fertilizers with contrasting physical properties. By comparing 
the AI predictions against empirical tray measurements, this study identifies tool-specific ca-
pabilities, evaluates whether LLM outputs achieve engineering accuracy, and demonstrates 
the extent to which model reliability depends on physical fertilizer characteristics.

2. Materials and Methods
The methodological framework of this study consists of three sequential stages

(Figure 1). Two widely used artificial intelligence tools, ChatGPT and Microsoft Copi-
lot, were selected based on the assumption that large language models can be applied to the 
development of mathematical models and simulation procedures in a manner comparable 
to advanced engineering modeling platforms such as Altair DEM, EDEM, Ansys Rocky, 
and LIGGGHTS. Recent research indicates that AI-assisted modeling can support or aug-
ment complex computational simulations, particularly in tasks involving rapid scenario 
generation or parameter optimization [13].

In the first stage, a comprehensive list of factors influencing fertilizer spreading quality 
was compiled, including granule physical properties, spreader technical settings, environ-
mental conditions, and soil surface characteristics. Using this factor set, both AI tools were 
tasked with generating a mathematical model for fertilizer distribution on the soil surface.
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Figure 1. Methodological framework for the development, simulation, validation, and comparative 
evaluation of AI-generated mathematical–numerical models of fertilizer spreading using ChatGPT, 
GPT-5.6 Luna, OpenAI and Microsoft Copilot, M365 Copilot based on GPT-5.

In the second stage, the AI-generated models were supplied with the same parameter 
set used in a previously conducted experimental fertilizer spreading study. This experiment 
was carried out at Marijampole Vocational Education and Training Centre, Lithuania, and 
its methodology and results are described in detail in a publication by Juodišius et al. [3].

Finally, in the third stage, the outputs of the AI-based simulations were evaluated and 
compared against the empirical data obtained from the experimental study to assess the 
accuracy and applicability of the AI-generated mathematical models.

The key factors influencing the uniformity of mineral fertilizer distribution on the soil 
surface and incorporated into the development of the mathematical–numerical AI model 
are presented in Table 1. These factors include the physical properties of fertilizer granules, 
the technical parameters of the spreader, driving speed, environmental conditions, and soil 
surface characteristics. Together, they determine granule flight trajectory, spreading width, 
application rate accuracy, and potential deviations; therefore, their evaluation is essential 
for ensuring agronomic efficiency and reducing nutrient losses.

For this reason, the forces acting on the spreading process were also incorporated into 
the model. The methodological section provides the measurement principles for these 
factors and the computational models applied, drawing on scientific literature that examines 
fertilizer spreading processes.
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Table 1. Input parameters and process factors used for developing the AI-generated mathematical–
numerical model of fertilizer distribution.

Input Parameter/Process 
Factor How It Is Evaluated Main Formulas/Numerical 

Indicators
Acting Forces (Formulas, 

Units) Sources

Granule 
physical–mechanical 
properties (density, 

moisture, size distribution)

Density, moisture content, 
and particle size distribution 

measured via sieving.

Density:
𝜌 = m

V , (kg/m3 ).
Size CV:

CV = 𝜎
𝜇 ·100%

Weight:
Fg  = m⋅g, (N).

Friction on vane/disc:
Ft  = μ⋅N, (N).

[14]

Flowability
Measured via angle of 
repose and flow rate 
through an orifice.

Angle of repose:
tan 𝜃 = h

r

Internal friction/cohesion:
tan φ = τ/σn , (Pa) [15]

Spreader disc rotational 
speed and vane geometry

Disc rpm, vane length, vane 
angle.

Throw distance (ballistic):
L ≈ v2sin(2𝛼)

g

Centrifugal force:
Fc  = m⋅ω2 ⋅r, (N)

Normal force on vane:
N = m⋅ω2 ⋅cosβ, (N)

[16]

Working speed (tractor 
forward speed)

Measured in km/h; affects 
spread width and 
application rate.

Application rate:
N = Q

v·B , (kg/ha)

Inertial force (horizontal 
component):

Fin = m·a = m Δv
Δt , (N)

[16]

Spreading uniformity Evaluated using collection 
trays and calculating CV.

CV = 𝜎
𝜇 ·100%

Recommended:
≤15% for N fertilizers, ≤25% 

for others [17]

Indirect forces: variation in 
centrifugal, friction, and 

aerodynamic forces causes 
trajectory spread (often 

modeled via Monte Carlo).

[18]

Environmental conditions 
(wind, humidity, 

temperature)

Wind speed, air humidity, 
temperature measured with 

sensors.

Deviation from the 
theoretical spread pattern 
measured via tray mass 

distribution.

Aerodynamic drag:
𝐹𝑑 = 1

2 𝐶𝑑𝜌air𝐴𝑣2
rel, (N)

[17]

Fertilizer form (granular, 
prilled, organic)

Evaluated by granule shape, 
surface roughness, 

uniformity.

Uniformity Index:
UI = 100 − CV

Shape affects drag 
coefficient; depends on 

shape and Reynolds number.
Reynolds number:

Re = 𝜌airvd
𝜇

[17]

2.1. Experimental Field Setup and Data Collection
To establish realistic boundary conditions and provide empirical data for AI model 

validation, field experiments were conducted at the Marijampolė Vocational Education 
and Training Centre, Lithuania [3]. The experimental setup involved spreading organic 
granular fertilizers using a John Deere 3015 tractor equipped with a Kuhn MDS 9.19 spreader 
operating at a forward speed of 11 km/h, a working width of 14 m, a target application 
rate of 300 kg/ha, and a rear Power Take-Off (PTO) speed of 540 rpm, while maintaining a 
constant tractor engine speed to ensure disc speed stability and distribution uniformity [3]. 
The vane form had vertical side walls with a curved upper edge of the blade, as investigated 
in [3]. The height of the spreading disc above the field surface was 0.85 m.

To characterize the tested fertilizers, standardized laboratory measurements were per-
formed for both grain husk granules and poultry manure granules. In addition to basic 
dimensions, key physical and mechanical property indicators—including explicit moisture 
content, angle of repose, particle size distribution, and friability (crush resistance)—were 
determined to match the input parameter system. These comprehensive physical, geomet-
ric, and mechanical properties, which are critical for simulation accuracy and spreading 
performance, are summarized in Table 2.

Experimental research methods and indicators for the soil application of granular organic 
fertilizers were selected and determined in accordance with the relevant standards, ISO 5690 
and ASAE S314.2 [19]. A total of fifteen fertilizer collection trays (0.36 × 0.48 × 0.11 m) were 
positioned transversally across the full spreading width to capture the lateral fertilizer distri-
bution pattern (Figure 2). During the tests, the tractor moved continuously in a single forward 
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direction over the trays without returning (Figure 2b), ensuring no spatial or measurement 
overlap. The collection trays must be arranged in a single row, with a spacing of at least one 
meter between them. The trays were arranged in a single line, with the central trays positioned 
at the center of the tractor and spreader. Cardboard partitions were placed inside the collection 
trays to prevent the granular fertilizers from bouncing off the bottom and to ensure they are 
collected evenly within the boxes. The row of trays was positioned such that the direction of the 
machine’s movement aligned with the prevailing wind direction. Environmental conditions 
during the trials were recorded using field sensors: relative air humidity was 49%, ambient 
temperature ranged between 18 and 23 °C, and wind speed was low (5 km/h) [3].

Table 2. Comprehensive physical, geometric, and mechanical properties of the tested organic granular 
fertilizers (mean ± standard deviation).

Property Poultry Manure Granules (Control) Grain Husk Granules

Length, l, mm 12.11 ± 0.99 19.90 ± 1.82

Diameter, d, mm 6.10 ± 0.02 6.34 ± 0.06

Length-to-diameter ratio, l/d ~1.99 ~3.14

Mass, g 0.45 ± 0.05 0.76 ± 0.07

Density, kg/m3 1279.96 ± 62.23 1205.61 ± 34.46

Explicit moisture content, % 8.70 ± 0.25 9.00 ± 0.30

Dry matter, % 91.30 91.00

Angle of repose, 𝜃, ° 34.5 ± 1.2 28.2 ± 0.9

Particle size distribution Uniform (±0.5 mm interval) Broad (±1.2 mm interval)

Crush resistance/Friability, N 382.56 ± 78.08 189.45 ± 92.53

Figure 2. Field experiment setup: (a) tractor with Kuhn MDS 9.1Q spreader during organic fertilizer 
application; (b) the scheme of the layout of collection trays across the working width.

2.2. AI Model Development and Simulation Procedure
A structured approach to documenting AI-assisted modeling procedures was adopted, 

consistent with previous research employing conversational AI for agricultural machinery 
performance optimization [20]. The mathematical–numerical modeling process was con-
ducted using the freely accessible versions of two general-purpose artificial intelligence 
(AI) tools, ChatGPT and Microsoft Copilot. The objective was to evaluate the ability of 
these tools to independently develop mathematical models for predicting the transverse 
distribution of organic granular fertilizers applied using a centrifugal spreader. Both AI 
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systems were provided with equivalent experimental information, input parameters, and 
modeling objectives to enable a comparative evaluation of their modeling capabilities.

The model development process was based on a previously conducted field experiment 
involving the spreading of grain husk and poultry manure granules. The experimental 
configuration, operating conditions, fertilizer characteristics, and relevant mathematical 
relationships were used as the basis for AI-assisted model formulation. The input informa-
tion included the physical and mechanical properties of the fertilizer granules, spreader 
disc rotational speed, vane geometry, tractor forward speed, environmental conditions, and 
spreading uniformity indicators, as summarized in Table 1. The experimental setup con-
sisted of 16 fertilizer collection trays, each measuring 0.36 × 0.48 × 0.11 m, positioned across 
the spreading width. The AI tools were tasked with developing mathematical formulations 
capable of estimating the fertilizer mass deposited in each collection tray under specified 
operating conditions.

The AI-assisted modeling procedure was organized into five principal stages:
1. Experimental Information and Input Parameter Presentation: The experimental setup 

and the parameters relevant to fertilizer spreading were described to both AI systems. 
These included fertilizer granule properties (density, moisture content, particle size 
distribution, flowability, and particle shape), spreader operating characteristics (disc 
rotational speed, vane geometry, and tractor forward speed), and environmental con-
ditions (wind speed, air humidity, and temperature). The mathematical relationships 
and mechanical forces associated with fertilizer spreading, including gravitational, 
centrifugal, frictional, and aerodynamic forces, were also considered as reference in-
formation. The input parameters and corresponding mathematical expressions are 
summarized in Table 1.

2. Mathematical Model Formulation: ChatGPT and Microsoft Copilot were indepen-
dently tasked with developing mathematical–numerical models describing the trans-
verse distribution of granular fertilizer deposited on the soil surface. The modeling 
objective was to establish mathematical relationships between the supplied input pa-
rameters and the expected fertilizer deposition at different lateral positions. Particular 
emphasis was placed on predicting the fertilizer mass collected in individual trays 
and representing the transverse distribution pattern. The two AI systems generated 
different mathematical formulations, which are presented in Table 3.

3. Model Structure and Parameter Identification: The mathematical formulations gen-
erated by each AI system were examined to identify their underlying assumptions, 
required input variables, and mathematical structure. ChatGPT generated a contin-
uous statistical model based on a Gaussian distribution, relating fertilizer mass flow 
rate, tractor forward speed, and transverse spreading characteristics to the expected 
deposited mass. In contrast, Microsoft Copilot formulated a probabilistic model in-
corporating nominal fertilizer application rate, collection-tray geometry, and particle 
landing probability. The variables introduced by the AI systems were distinguished 
from the experimentally supplied input parameters to clarify the assumptions under-
lying each model.

4. Numerical Simulation and Fertilizer Distribution Prediction: Following model for-
mulation, the mathematical expressions generated by both AI systems were applied 
using the operating conditions and fertilizer characteristics recorded during the field 
experiments. Separate simulations were performed for grain husk and poultry ma-
nure granules. The predicted fertilizer masses at the individual transverse collection 
positions were used to characterize the lateral distribution patterns and calculate the 
average deposited mass and coefficient of variation (CV). The same experimental condi-
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tions were used for both AI-generated models to ensure consistency in the comparative 
evaluation.

5. Experimental Validation and Comparative Evaluation: The predicted fertilizer distri-
bution patterns were compared with the corresponding field measurements obtained 
from the collection trays. Model performance was evaluated by examining the average 
fertilizer mass, transverse distribution characteristics, and CV. Differences between 
the predictions and experimental measurements were analyzed to assess the ability of 
each AI-generated formulation to reproduce the magnitude and spatial variability of 
fertilizer deposition. The comparison also enabled the identification of model-specific 
deviations and limitations associated with the two mathematical approaches.

Table 3. Numerical mathematical models developed by ChatGPT and MS Copilot for fertilizer 
spreading simulation.

ChatGPT MS Copilot

Final model. Fertilizer granule quantity in the 
collection tray 𝑁𝑖 = 𝑄

𝑣𝑡
· 1

Δ√2𝜋
exp(− (𝑥𝑖−𝜇)2

2Δ2 )· 6Δ𝑥
ρπd3

𝑁𝑖(𝑝) = 𝑚𝑖(𝑝)
𝑚𝑝

· 𝑞norm𝑆box·𝑃𝑖(𝑝)
𝑚𝑝

Final model. Mass of the fertilizer granule in 
the collection tray 𝑀𝑖 = 𝑄

𝑣𝑡
· 1

Δ√2𝜋
exp(− (𝑥𝑖−𝜇)2

2Δ2 )·Δ𝑥 𝑚𝑖(𝑝) = 𝑞norm𝑆box∫𝑥𝑖+𝑏/2
𝑥𝑖−𝑏/2 𝜑(𝑥; 𝑝)dx

Model input parameters

Ni (p)—number of particles in the i-th tray, pcs;
Mi —mass of fertilizer in the i-th tray, kg;
Q—mass flow of fertilizer, kg/s;
vt —tractor driving speed, m/s;
𝜎—spreading standard deviation, m;
xi —tray center coordinate measured from the 
tractor center, m;
μ—location of the spreading center, m;
Δx—tray width (projection in the spreading 
direction), m;
𝜌—density of the granule, kg/m3 ;
d—diameter of the granule, m

Ni (p)—number of particles collected in tray 
No. i (units);
mi (p)—mass collected in tray i;
mp —mass of a single granule;
qnom —nominal application rate, kg/m2 ;
Sbox  = a⋅b—projected area of the collection tray, 
m2 ;
Pi (p)—probability that a granule lands within 
the interval of tray i;
Xi —transverse coordinate of the center of tray 
i, m,
b—tray width in the transverse direction, m;
𝜑(x;p)—transverse distribution profile;
d—average granule diameter, m;
x—transverse landing coordinate

The modeling procedure was designed to evaluate the independent mathematical 
formulations generated by the two AI systems under equivalent experimental conditions. 
Unlike conventional physics-based numerical simulations, such as the Discrete Element 
Method (DEM), the AI-generated models did not explicitly solve the equations governing 
individual particle trajectories or particle–particle interactions. Instead, they represented 
fertilizer deposition through statistical and probabilistic mathematical relationships. Conse-
quently, the present study evaluates the ability of general-purpose AI tools to formulate 
and apply approximate mathematical representations of fertilizer spreading rather than to 
perform detailed particle-level simulations.

3. Results
3.1. Parallel Modeling Approaches Developed by ChatGPT and MS Copilot

The development of the numerical mathematical model was grounded in the previously 
conducted field experiment [3], in which organic granulated fertilizers were spread on 
the soil surface. During the experiment, sixteen fertilizer collection trays were positioned 
across the spreading width, each with dimensions of 0.36 × 0.48 × 0.11 m, enabling precise 
measurement of the fertilizer mass deposited at different lateral distances. Accordingly, 
the AI-based model had to be constructed in a way that would allow the estimation of the 
fertilizer amount (in grams, g) expected to accumulate in each individual tray. Using the 
free versions of MS Copilot and ChatGPT, two independent digital mathematical models 
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were generated based on the full set of parameters listed in Table 1 and the description of 
the experimental setup. The resulting AI-generated models are presented in Table 3.

The coefficient 6Δ𝑥
ρπd3  was introduced by ChatGPT during the mathematical formulation 

of the model. Its derivation is based on the assumption of spherical fertilizer granules, for 
which the individual granule mass is expressed as 𝑚𝑝 = 𝜌 𝜋𝑑3

6 . Accordingly, 6
ρ𝜋𝑑3  represents 

the inverse mass of an individual granule, while Δx denotes the width of the collection 
interval. The coefficient therefore combines experimentally supplied particle properties 
(density and diameter) with the collection tray geometry. It was mathematically formulated 
by the AI tool rather than empirically calibrated from experimental data or directly adopted 
from a published equation.

To ensure complete transparency, the variables appearing in the AI-generated equations 
presented in Table 3 can be classified into two distinct categories: (1) input parameters 
provided directly to the tools (such as tractor forward speed νt , granule density ρ, mean 
diameter d, and collection tray dimensions), and (2) AI-introduced variables originating 
from mathematical assumptions formulated by the models (such as the standard deviation 
σ and the mean location μ in the Gaussian distribution, or the landing probability Pi (p)).

Furthermore, it is important to clarify that neither ChatGPT nor Copilot generated differ-
ential equations governing individual particle motion or particle–machine/particle–particle 
collision dynamics (as used in DEM). Instead, both AI tools formulated statistical fitting and 
probabilistic distribution models, which approximate the lateral deposition profile macroscop-
ically rather than tracking the physical trajectory of individual particles through mechanics-
driven equations.

Table 3 presents the numerical mathematical models generated independently by 
ChatGPT and MS Copilot for simulating fertilizer spreading and estimating the fertilizer 
quantity collected in each tray. Although both AI tools were provided with the same 
experimental parameters and identical prompts, the resulting models differ substantially 
in their mathematical structure, underlying assumptions, and the way they represent the 
spreading process.

ChatGPT produced a model based on a probabilistic Gaussian distribution, where the 
fertilizer deposition pattern is expressed as a continuous transverse profile. The number of 
granules in the i-th tray is calculated using a normal distribution function with parameters 
for the spreading center (μ) and standard deviation (σ). This formulation explicitly incor-
porates physical granule properties, namely density (ρ) and diameter (d), and links the 
mass flow rate (Q) with tractor speed vt. As a result, ChatGPT’s model is more physically 
explicit, directly connecting particle-scale characteristics with the macroscopic spreading 
pattern. Its advantage lies in its continuous mathematical representation, which allows 
smooth simulation of the transverse distribution and is well suited for sensitivity analysis 
of spreading parameters.

In contrast, MS Copilot generated a model that is more discrete and experimentally 
oriented. It calculates the number of granules in each tray by dividing the measured or 
estimated tray mass by the mass of a single granule. The model relies on the nominal appli-
cation rate qnom, the projected tray area Sbox, and the probability (p) that a granule lands 
within the tray’s interval. The mass in each tray is obtained by integrating the transverse 
distribution profile (;) over the tray width. This approach is more directly aligned with 
field measurement methodology, emphasizing the relationship between application rate, 
tray geometry, and landing probability. Its strength is its straightforward interpretability 
and compatibility with empirical data collection procedures.

Despite their structural differences, both models share the same objective: estimating 
the fertilizer quantity (either mass or particle count) in each collection tray based on the 
experimental setup. Both incorporate key geometric parameters (tray width, tray position) 
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and spreading characteristics, but they operationalize these elements through different 
mathematical pathways. ChatGPT emphasizes a theoretical distribution-based formulation, 
while MS Copilot emphasizes a probability–area–mass relationship grounded in the nominal 
application rate.

Together, these models illustrate two complementary approaches to simulating fertil-
izer spreading: one rooted in continuous statistical modeling, the other in discrete proba-
bilistic estimation. Their comparison highlights the versatility of AI tools in constructing 
numerical models and demonstrates how different algorithmic reasoning paths can lead 
to functionally similar, yet mathematically distinct, representations of the same physical 
process.

3.2. Assessment of Fertilizer Deposition Patterns Predicted by AI-Based Models
Both AI-generated numerical models were executed under identical boundary condi-

tions corresponding to the field experiment, allowing a direct evaluation of their intrinsic 
ability to predict transverse fertilizer distribution profiles, tray mass accumulation, and 
spreading uniformity.

The predictive performance of the AI-based numerical approaches was further evalu-
ated by benchmarking the simulated lateral deposition patterns against the corresponding 
field measurements. While the preceding analysis considered the overall characteristics of 
the predicted spreading patterns, the present assessment focuses on the degree of agreement 
between predicted and experimentally determined deposition. The comparison considered 
the mean fertilizer mass collected in individual trays, the associated 95% confidence inter-
vals (CIs), and the coefficient of variation (CV). The mean values provide information on 
the magnitude of fertilizer deposition, whereas the 95% CIs characterize the uncertainty 
associated with the estimated mean at each measurement position. The CV was used as the 
principal indicator of lateral spreading uniformity. The experimental measurements were 
treated as the reference benchmark for evaluating the predictive performance of the two 
AI-based approaches.

For the grain husk granules, the experimental measurements showed a comparatively 
uniform lateral deposition pattern across the investigated 10.6 m working range (Figure 3a). 
The mean mass collected per tray was 4.93 g, while the highest measured deposition was 
6.98 g at a lateral distance of 3.9 m from the spreader axis. In the central position (0 m), the 
deposited mass was 6.02 g. Thus, although the central region exhibited a relatively elevated 
deposition level, the maximum experimental value did not occur directly at the spreader axis. 
The gradual variation in deposited mass across the measurement positions indicates that the 
experimentally observed distribution was not characterized by a pronounced concentration 
exclusively in the central zone. The corresponding experimental CV of 7.78% indicates a 
high degree of lateral uniformity and is below the commonly applied 15% [17] threshold.

The AI-based predictions reproduced the principal lateral characteristics of the ex-
perimental distribution, but substantial differences were observed in the magnitude of 
deposition. The Copilot prediction resulted in a considerably higher mean deposition of 
6.66 g per tray, with the highest predicted deposition occurring in the central region and 
reaching 8.53 g. This represents a systematic overestimation of the deposited fertilizer mass 
relative to the experimental benchmark. The ChatGPT prediction produced a lower mean 
deposition of 5.33 g per tray and a maximum value of 6.52 g. These values were substantially 
closer to the experimental measurements, particularly with respect to the overall deposition 
magnitude. The predicted lateral profile also followed the experimentally observed pattern 
more closely than the Copilot prediction.
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Figure 3. Distribution of fertilizer deposition obtained from numerical model predictions and field 
experiments: (a) grain husk granules; (b) poultry manure granules.

Despite the closer agreement in deposition magnitude, neither AI-based prediction 
reproduced the experimentally observed level of spreading uniformity for the grain husk 
granules. The CV values calculated from the ChatGPT and Copilot distributions were 16.57% 
and 17.90%, respectively, compared with 7.78% for the field measurements. The differences 
from the experimental CV were therefore 8.79 and 10.12 percentage points, respectively. 
These results indicate that both approaches generated greater tray-to-tray variability than 
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was observed experimentally. Thus, a relatively close agreement in mean deposition does not 
necessarily correspond to an accurate reproduction of the experimentally observed spatial 
uniformity. In this respect, ChatGPT provided a closer approximation of the deposition 
magnitude and lateral distribution profile, although it still overestimated the experimentally 
determined variability.

A substantially different experimental pattern was observed for the poultry manure 
granules (Figure 3b). The experimental measurements were characterized by greater spatial 
variability, with a mean collected mass of 7.25 g per tray. The maximum deposition of 12.48 g 
occurred at the central position, while comparatively high deposition values, reaching 
approximately 10.82 g, were also observed towards the outer sections of the investigated 
working range. The experimental CV was 16.26%, exceeding the 15% [19] threshold and 
indicating lower spreading uniformity than that obtained for the grain husk granules.

The greater spatial variability observed for poultry manure granules can be associated 
with their heterogeneous physical and mechanical characteristics. Compared with the 
grain husk granules, poultry manure granules may exhibit greater variation in particle 
shape, density, surface characteristics, and mechanical properties. These characteristics can 
influence particle acceleration, contact with the spreading disc and vanes, particle–particle 
collisions, and subsequent flight trajectories. Variations in these parameters may accumulate 
throughout the spreading process and consequently become expressed as greater spatial 
variability in the final deposition pattern.

The differences between the AI-based predictions were particularly pronounced for 
poultry manure granules. The Copilot prediction resulted in a mean deposition of 14.93 g 
per tray, with the maximum deposition of 19.33 g occurring in the central region. Both values 
substantially exceeded the corresponding experimental measurements, demonstrating a 
pronounced overestimation of fertilizer deposition. The predicted CV of 21.26% was also 
the highest among all datasets considered. Therefore, the Copilot not only overestimated 
the absolute amount of deposited fertilizer but also generated a more heterogeneous lateral 
distribution than that observed experimentally.

The ChatGPT prediction exhibited a different response. The predicted mean deposition 
was 5.83 g per tray, while the maximum value of 7.99 g occurred in the central region. 
Although both values were lower than those measured experimentally, the predicted CV of 
15.10% was close to the experimental value of 16.26%. The difference between the predicted 
and experimental CV was only 1.16 percentage points, representing the smallest deviation 
obtained among all model–experiment comparisons. This result indicates that, despite 
underestimating the absolute deposition magnitude, ChatGPT reproduced the degree of 
lateral nonuniformity of poultry manure spreading considerably more closely than Copilot.

The combined comparison of deposition magnitude and variability demonstrates a 
material-dependent difference in model performance. For grain husk granules, ChatGPT 
provided the closest approximation of the experimental deposition magnitude, whereas 
neither AI-based approach reproduced the low experimental CV of 7.78%. For poultry 
manure granules, ChatGPT again provided the closer representation of the experimental 
spreading behavior, particularly in terms of CV, despite underestimating the absolute 
deposited mass. Copilot showed a greater tendency to overestimate deposition, most 
notably for poultry manure, where both the mean and central deposition were substantially 
higher than the experimental values.

The observed differences between the two fertilizer types further emphasize the im-
portance of particle characteristics in numerical prediction of centrifugal spreading. The 
relatively low experimental CV of the grain husk granules indicates a comparatively stable 
lateral deposition pattern, whereas the higher CV obtained for poultry manure granules 
reflects greater variability in particle transport and deposition. The AI-based approaches 

https://doi.org/10.3390/agriculture16212372

https://doi.org/10.3390/agriculture16212372


Agriculture 2026, 16, 2372 13 of 16

reproduced this general distinction only partially. Their ability to reproduce the absolute 
deposition magnitude and the spatial variability differed according to the fertilizer mate-
rial, indicating that material-specific physical and mechanical characteristics are important 
determinants of predictive performance.

From an experimental benchmarking perspective, the results demonstrate that field 
measurements provide an essential reference for evaluating AI-generated numerical predic-
tions. The experimental dataset makes it possible to identify systematic deviations in both 
the magnitude and spatial variability of predicted deposition. In the present investigation, 
ChatGPT generally produced predictions closer to the experimentally observed spreading 
behavior, particularly for poultry manure granules, for which the predicted CV differed 
from the experimental value by only 1.16 percentage points. In contrast, Copilot exhibited 
larger deviations, most notably in the predicted deposition magnitude for poultry manure 
granules.

Nevertheless, the observed differences should not be interpreted as evidence that one 
AI-based approach is universally superior. The comparison was performed for a specific 
centrifugal spreading system, fertilizer materials, operating conditions, and set of input 
assumptions. The predictive performance of AI-generated numerical models may therefore 
depend strongly on the completeness and accuracy of the physical parameters used to 
describe the fertilizer and spreading mechanism. In particular, particle size and shape, den-
sity, frictional behavior, restitution, particle–particle interactions, and particle–equipment 
contacts may substantially influence the resulting trajectories and lateral deposition pattern.

Overall, the experimental benchmarking demonstrated that AI-based numerical ap-
proaches were capable of reproducing the principal characteristics of lateral fertilizer dis-
tribution, but their quantitative agreement with field measurements varied according to 
both fertilizer type and evaluation criterion. The results indicate that the similarity of mean 
deposition values alone is insufficient to establish predictive reliability. Agreement in spatial 
variability, represented by CV, together with the uncertainty associated with the estimated 
means, represented by 95% CIs, provides a more rigorous basis for evaluating model perfor-
mance. Under the investigated conditions, ChatGPT showed closer overall agreement with 
the experimental spreading behavior than Copilot, particularly for the more heterogeneous 
poultry manure granules. However, the remaining discrepancies confirm that AI-generated 
predictions should be considered an initial modeling approximation rather than a substitute 
for experimentally validated numerical modeling. Experimental benchmarking therefore 
remains essential for assessing predictive reliability and for identifying material-specific 
deviations that may require further calibration or refinement of the modeling approach.

4. Discussion
The findings clearly demonstrate the current limitations of AI models in predicting 

the mechanical behavior and distribution kinetics of granular materials. Previous research 
has demonstrated that, despite their advanced language-processing capabilities, LLMs 
still face challenges in physical reasoning and interpreting the underlying properties of 
physical systems [21]. In the present study, the numerical profiles generated by ChatGPT 
and Copilot indicate that these generative architectures currently function as generalized 
numerical approximators rather than precise physical simulators.

Distinct systematic tendencies were observed between the models: Specifically, Mi-
crosoft Copilot exhibited a systematic overestimation of both fertilizer deposition magnitude 
and distribution variability (CV). These discrepancies can be attributed to several funda-
mental factors: the free-version LLM’s lack of prior grounding in particulate physics, a 
tendency to generate overly broad statistical distribution curves, and systematic errors in 
converting application rates into collection-tray mass. In contrast, ChatGPT successfully cap-
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tured the normalized geometrical probability ‘shape’ of the process—demonstrating a close 
alignment with experimental CV values—while exhibiting a scaling bias in absolute mass 
prediction. A critical insight from this study is that model reliability strongly depends on the 
specific evaluation criterion applied. While average deposited mass may be predicted with 
acceptable accuracy, spatial distribution and the coefficient of variation (CV) remain highly 
sensitive to minor parametric errors. Previous studies have demonstrated that fertilizer dis-
tribution uniformity is influenced by particle properties, spreader configuration, operating 
parameters, and application conditions [22,23]. The complex particle dynamics governing 
fertilizer spreading, particularly particle interactions with rotating disc vanes, particle shape, 
surface properties, density, and aerodynamic resistance, present substantial challenges for 
accurate numerical prediction. Previous investigations have demonstrated the importance 
of particle motion along spreader vanes [6,14,24], aerodynamic particle properties [25], 
and discrete element modeling for simulating granular fertilizer distribution [4,26]. These 
findings suggest that the complex mechanics governing the disc vane interface, including 
particle sphericity, surface roughness, density heterogeneity, and aerodynamic drag, gener-
ate complex multiphase dynamics that current general-purpose generative models cannot 
fully resolve.

Future Possibilities and Research Directions:
• Hybrid AI–DEM Frameworks: Integrating AI algorithms with physics-based Discrete 

Element Method (DEM) simulations represents a promising avenue. Training generative 
models on realistic particle interaction physics would mitigate structural simplification 
errors, significantly enhancing predictions of spatial distribution and CV.

• Future efforts should focus on enhancing current AI models by adjusting network 
structures and integrating additional physical variables. Embedding fundamental 
mechanical laws directly into the model architecture could significantly improve pre-
diction accuracy for complex granular dynamics.
Practical Implications: Currently, AI-generated predictions serve as a valuable pre-

liminary screening tool for rapid scenario evaluation and qualitative design iterations. 
However, physical experimental validation remains indispensable for final engineering de-
cisions and machinery optimization. Future efforts should aim not to replace experimental 
benchmarking but to augment its interpretive power within agricultural machinery design.

5. Conclusions
1. AI Model Independence and Structural Divergence: When supplied with identical 

experimental inputs, ChatGPT and Microsoft Copilot independently generated fun-
damentally different numerical formulations—ChatGPT utilized a continuous Gaus-
sian distribution linked to particle parameters, whereas Copilot adopted a discrete 
probabilistic approach. Predictive Accuracy and Performance Divergence: ChatGPT 
generally outperformed Copilot, closely approximating experimental deposition mass 
for grain husk granules (5.33 g vs. 4.93 g) and successfully capturing the spreading 
variability (CV of 15.10% vs. 16.26%) for poultry manure granules, albeit with a mass-
scaling bias. In contrast, Copilot systematically overestimated both absolute deposition 
and distribution variability. Material-Dependent Limitations: Neither model accu-
rately captured the high uniformity of the homogeneous grain husk granules, and 
prediction errors intensified for the heterogeneous poultry manure granules, high-
lighting the necessity of integrating particle-level physical properties (shape, density, 
surface behavior) into future numerical formulations. Critical Methodological Insight: 
A well-fitted coefficient of variation (CV) alone does not imply overall model reliability. 
Both absolute deposited mass magnitude and transverse distribution shape must be 
simultaneously validated against experimental data before any model can be consid-
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ered quantitatively reliable. Consequently, general-purpose LLMs currently serve only 
as preliminary estimation tools rather than substitutes for experimental calibration.

2. Study Scope and Limitations: These findings apply strictly to the evaluated free-version 
LLMs operating under zero-shot, text-only conditions without advanced prompt op-
timization or few-shot examples and thus cannot be broadly generalized across all 
LLMs or operational spreading scenarios without further validation.
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