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Abstract: Pesticide application plays a vital role in modern agriculture by protecting crops from pests and diseases, thereby 
improving yield and food security. However, manual spraying methods continue to expose farmers and agricultural work-
ers to hazardous chemicals, often leading to severe health complications. To address these challenges, this paper presents 
a systematic approach using the Buckingham Pi theorem to develop a dimensionless model that captures the essential 
relationships governing pesticide spraying processes. The study focuses on key variables such as pesticide volume and 
plant scan time two critical factors that influence the efficiency and effectiveness of spraying operations. Through dimen-
sional analysis, a generalized predictive equation is derived, enabling the characterization and optimization of spraying 
performance under varying operational conditions. The resulting model serves as a foundational tool for enhancing the 
control logic of robotic spraying systems, ensuring more uniform and targeted pesticide application. This approach mini-
mizes wastage, reduces environmental contamination, and significantly improves operator safety by limiting human expo-
sure. Furthermore, the integration of robotics with mathematical modeling underscores the potential for innovative, data-
driven solutions in precision agriculture. The research contributes to the development of intelligent spraying systems that 
are both environmentally sustainable and economically viable, marking a significant advancement in agricultural automa-
tion and safety. 
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1 Introduction  

Agriculture is fundamental to human survival, 
providing essential resources such as food, fuel, and 
bedding while employing a large portion of the global 
population (Meshram et al., 2024). In India, agriculture 
is particularly crucial as 70% of rural households de-
pend on farming (Jat et al., 2023; Zhang et al., 2024). 
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However, one of the most hazardous tasks in agricul-
ture is pesticide application. Although essential for 
protecting crops from pests and diseases (Han et al., 
2024). Manual pesticide spraying does not fully safe-
guard farmworkers from exposure, even when protec-
tive gear is used (Lochan et al., 2024). Moreover, im-
proper pesticide use can lead to high residue levels in 
food and contribute to increased chemical resistance 
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(Chouriya et al., 2024). To improve safety and effi-
ciency, the automation of pesticide application is being 
explored through robotics, integrating mechanical, 
electrical, and computer-based control systems (Bhute 
et al., 2023; Kaushik et al., 2022). This approach en-
hances precision in pesticide use while reducing hu-
man involvement and associated risks (Sulaiman et al., 
2022). Current pesticide application methods, such as 
manual and battery-operated sprayers, have significant 
drawbacks, including labor-intensive operation and 
potential health risks due to exposure the proposed ap-
proach minimizes human exposure to hazardous chem-
icals during pesticide spraying by integrating robotics 
system with a developed mathematically modeled con-
trol system. By applying the Buckingham Pi theorem, 
the study develops a dimensionless predictive model 
that optimizes key parameters such as pesticide vol-
ume and plant scan time, ensuring efficient and uni-
form application. By incorporating this model into the 
control logic of robotic spraying systems, the need for 
manual spraying is significantly reduced, thereby lim-
iting direct contact between operators and toxic chem-
icals. This systematic and data-driven approach not 
only enhances spraying precision and reduces environ-
mental pollution but also greatly improves operator 
safety by minimizing exposure to hazardous sub-
stances during agricultural operations also reduce the 
farmer death (Dou et al., 2023; Dhutekar et al., 2021). 

 In enclosed environments like greenhouses, 
workers face increased exposure to toxins during 
spraying, further exacerbating health risks (Trivedi et 
al., 2021). Additionally, the overuse of pesticides leads 
to chemical resistance in pests, posing challenges to 
crop protection (Abade et al., 2021). This paper ad-
dresses these challenges by proposing a robotic pesti-
cide spraying system that reduces human exposure and 
enhances precision in application, thereby overcoming 
the inefficiencies of manual methods. Specifically, it 
aims to develop a mathematical model for a robotic 
pesticide spraying system using dimensional analysis 
to improve efficiency and safety in agricultural settings. 
The model focuses on optimizing pesticide application 
by minimizing human intervention while maintaining 

precision and control. Pesticide volume and plant scan 
time are considered critical variables in the study be-
cause they directly influence the efficiency, effective-
ness, and precision of the pesticide spraying process. 
The pesticide volume determines the amount of chem-
ical applied to the plant, which affects both the quality 
of pest control and the potential for chemical wastage 
or environmental contamination. Applying too much 
pesticide can harm the environment and increase costs, 
while too little may lead to ineffective pest control. 
Similarly, the plant scan time represents the duration 
or speed at which the robotic system scans and targets 
plants, affecting how accurately and uniformly the pes-
ticide is applied. An optimal scan time ensures that 
each plant receives the appropriate amount of pesticide 
without over spraying or missing areas. Therefore, 
these two variables are very important for achieving a 
balance between effective pest control, resource effi-
ciency, and environmental and operator safety in ro-
botic pesticide spraying systems. 

Agriculture is a cornerstone of human survival, 
providing essential resources such as food, fuel, and 
bedding while employing a significant portion of the 
global population (Meshram et al., 2024; Jat et al., 
2023). In India, agriculture is particularly vital, with 70% 
of rural households depending on farming as their pri-
mary occupation (Bechar and Vigneault, 2016; García-
Alegre et al., 2001; Ramesh and Pasupathy, 2019). 
One of the critical yet hazardous tasks in agriculture is 
the application of pesticides to crops to protect them 
from harmful organisms. Farmers strive to produce 
higher-quality crops and increase yields, but their ef-
forts are frequently hindered by pests, insects, and fun-
gal infections. Manual pesticide application, despite 
the use of protective measures such as gloves, masks, 
and aprons, does not fully safeguard farmers and farm-
workers from exposure (Bhute et al., 2023; Kaushik et 
al., 2022). Battery-operated and hand-compressed 
sprayers are commonly used for pesticide spraying 
(Kassim et al., 2020; Budiharto et al., 2019; Song et al., 
2015; Olabi et al., 2022; Shaw and Vimalkumar, 2020). 
However, manual methods have several drawbacks, 
including the physical effort required to transport and 
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carry the sprayers to the application site. Additionally, 
the risk of over-spraying increases, which can pose sig-
nificant health hazards.  

In enclosed environments such as greenhouses, 

these risks are further exacerbated, as workers are ex-

posed to higher concentrations of toxins during spray-

ing (Ozgul and Celik, 2018; Pandey et al., 2020). Fur-

thermore, the overuse of pesticides leads to high resi-

due levels in food and contributes to increased re-

sistance to chemicals, posing additional challenges to 

sustainable agriculture. conventional chemical control 

technology (Karunarathne et al., 2020). Thus a proper 

measure should be taken for more efficient, safer ap-

plication methods (Prechsl et al., 2022). By automating 

this process using mobile robots, human contact with 

pesticide-sprayed fields can be minimized, making 

pesticide application more precise and efficient. This 

approach integrates mechanical, electrical, electronic, 

and computer-based control systems, which are com-

monly used in product design to meet customer re-

quirements. For example, robotic pesticide spraying 

involves a mechatronic structure that enhances preci-

sion and reduces human exposure to harmful chemi-

cals (Salotti and Suhir, 2024).  

The primary objective of this paper is to develop a 
mathematical model for a mobile robot that efficiently 
targets and applies pesticides. Corporations are inte-
grating advanced robotics, artificial intelligence, vi-
sion technology, and control systems into automation 
processes to enhance efficiency and precision (Li et al., 
2023). While removing human intervention from man-
ual labor tasks with automated solutions developed by 
a range of academies delivering technical challenges 
about Industry 4.0 issues engineers might have at hand 
for solving problems in more detail (Reji and Kumar, 
2023; Ray et al., 2023). This paper presents a compre-
hensive robotic system for pesticide application in an 
agricultural setting, aimed at improving efficiency, en-
hancing control for farmers, and increasing their safety. 
It details the integration of various technologies, in-
cluding microcontrollers, sensors, actuators, and com-
puter-based control systems, into a robotic pesticide 

spraying system (Patil, 2023). (Kaushik and Shankar, 
2022; Mehta et al., 2019).  

Overall, several fascinating studies have demon-
strated how the Buckingham Pi theorem can enhance 
the generalization ability of machine learning models. 
However, many questions remain about how such 
techniques might perform in other domains and with 
experimental data, as most results are based on highly 
simplified simulated experiments, particularly in the 
context of pest prediction. In this research, propose a 
mathematical model using a dimensional analysis ap-
proach for a pesticide-spraying robot designed to ad-
dress pest attacks in agriculture (Gu et al., 2019). As 
far as only a small number of initiatives have looked 
into the idea of dimensional analysis in the context of 
motion control and robotics. (Bucelli et al., 2023) 

The authors proposed an improved kinematic cali-
bration technique based on dimensionless error map-
ping matrices (EMMs) (Luo et al., 2021; Ilyushin and 
Kapostey, 2023). According to the simulation results, 
in a variety of units, the residual pose errors with the 
suggested dimensionless EMMs were less than those 
with the traditional EMM. Finally, the idea of dimen-
sionless policies is introduced in Girard (2024) Addi-
tionally, this study makes a significant contribution by 
demonstrating that, unlike previous research, which 
primarily relies on simulated data, the effectiveness of 
the proposed method was also validated through real-
world experiments using miniature autonomous robots 
under ideal conditions (Normey-Rico et al., 2001; Fue 
et al., 2020). (Gu. et al. 2019; Prakash et al., 2021). A 
method based on particular relationships that shouldn't 
depend on units is made up of dimensionless numbers 
and dimensional analysis, and it can be used to exam-
ine a variety of physical problems (Reyes et al., 2022). 
The concept of matching ratios, such as Reynolds, 
Prandt, or Mach numbers, in fluid mechanics enables 
the generalization of experimental findings across sys-
tems with various sizes. The current success of data-
driven schemes and machine learning focuses the 
problem of insights, and dimensional analysis is being 
applied in the learning context once more (Bakarji et 
al., 2022; Xie et al., 2022). 
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The literature highlights significant advancements 

in agricultural automation, particularly in pesticide 

spraying robots. The integration of robotics, Artificial 

Intelligence, and control systems has improved the ef-

ficiency and precision of pesticide application while 

reducing human exposure to harmful chemicals. The 

Buckingham π theorem and dimensional analysis have 

proven valuable in simplifying complex interactions 

and enhancing model generalization, particularly in 

machine learning and motion control applications. 
However, challenges remain, particularly regarding 

the applicability of dimensional analysis across differ-

ent robotic systems and real-world agricultural settings. 

Most studies rely on simulated environments, necessi-

tating further validation through field experiments. Fu-

ture research should focus on refining mathematical 

models to accommodate varying agricultural condi-

tions, improving the adaptability of dimensionless 

methods for diverse robotic applications, and integrat-
ing machine learning techniques to enhance pest pre-

diction accuracy. Addressing these gaps will ensure 

more robust, efficient, and practical automated pesti-

cide spraying solutions for sustainable agriculture. 

2 Materials and methods 

2.1 Experimental approach  
The design of experimentation is a structured ap-

proach used in the research process to systematically 

plan, execute, and analyze experiments. It is an essen-

tial methodology that enables researchers to examine 
the relationship between independent variables and de-

pendent (response) variables. This approach helps de-

termine cause-and-effect relationships, streamline pro-

cedures, improve quality, and obtain reliable results. 

The design of experimentation involves careful plan-

ning to meet specific research objectives. Proper ex-

perimental planning is crucial for achieving research 

goals efficiently and clearly, ensuring the collection of 

appropriate data with a suitable sample size.  

2.2 Variable identification 
Mathematical model represents a physical system 

through a set of variables and equations that describe 

the interdependencies among those variables. These 

models provide a structured framework to analyse sys-

tem behaviour and predict outcomes under varying 

conditions. During experimental procedures, data are 

collected corresponding to both independent and de-

pendent (response) variables, which are critical to 

model formulation and validation. The term variable 

broadly refers to any measurable physical quantity that 

can vary. A quantity that varies independently of oth-

ers is designated as an independent variable, while a 
quantity that changes in response to one or more inde-

pendent variables is classified as a dependent variable. 

This distinction is essential for understanding the 

cause-and-effect relationships within the system. 

For the pesticide-spraying robotic system under in-
vestigation, all relevant physical quantities are identi-
fied and categorized into dependent and independent 
parameters, as summarized in Table 1. Each parameter 
is subsequently expressed in terms of its fundamental 
dimensional units using the MLT (Mass-Length-Time) 
system, along with its associated symbol and physical 
unit. This dimensional representation facilitates the ap-
plication of dimensional analysis, including the use of 
the Buckingham Pi theorem, to derive a dimensionless 
model that characterizes the essential dynamics of the 
spraying process. 
2.3 Dimensional analysis  

Dimensional analysis is carried out to establish di-
mensionless equations in terms of various independent 
and dependent dimensionless groups of physical quan-
tities affecting the system. 
2.3.1 Derivation of π terms from dependent and inde-
pendent variables’  

The Buckingham Pi theorem is employed to for-
mulate a dimensionless model of the system by apply-
ing principles of dimensional analysis. This method fa-
cilitates the reduction of complex physical relation-
ships into a simplified set of dimensionless groups, 
thereby enabling generalized and scalable modeling. 
As summarized in Table 2, a total of 18 physical vari-
ables have been identified, including both independent 
and dependent parameters relevant to the pesticide-
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spraying robotic system. Among these, 15 variables 
are classified as independent, and 3 are selected as re-
peating variables for constructing the π terms. Accord-
ing to the Buckingham Pi theorem, the number of re-
sulting dimensionless π terms is given by: 

Number of π terms=n−m=15−3=12  
Where, 
n = total number of independent variables = 15; 
m = number of repeating variables = 3. 

Table 1 Categorization of independent and dependent variables 

The resulting 12 dimensionless groups (π terms) 

capture the core functional relationships among the 

system variables and form the foundation for develop-

ing the predictive model. These groups are essential for 

understanding the influence of key parameters on the 

system's response and for optimizing the pesticide-
spraying process in a generalized, scalable, and tech-

nology-agnostic manner. The repeating variables H, g, 

and μ were selected in the Buckingham Pi  analysis 

based on their dimensional independence, physical rel-

evance, and ability to represent the fundamental di-

mensions of the system mass (M), length (L), and time 

(T). Specifically, H (height or characteristic length) 

captures the geometric aspect of the spraying setup, g 

(gravitational acceleration) accounts for the external 

force acting on the system, and μ (fluid viscosity) rep-

resents the internal fluid property influencing spray 

flow and droplet formation. These variables collec-

tively provide a comprehensive representation of ge-

ometry, external physical influence, and fluid behavior. 
While alternative sets of repeating variables could be 

used if they meet the same dimensional and physical 

criteria, such choices would only change the form of 

the resulting π terms, not the underlying physical rela-

tionships or the predictive capability of the final model. 

2.3.2 The selection of repeating variables for the di- 
mensionless approach  

In dimensional analysis, the repeating variables are 

Sr. No. Variables (Dependent/Independent) Symbols Unit Dimensions 

01 Height of robot Independent H m M0L1T0 

02 Width of robot Independent B m M0L1T0 

03 Weight of robot Independent M kg M1L0T0 

04 Acceleration due to gravity Independent G m s-2 M0L1T-2 

05 Height of robot base Independent Hr m M0L1T0 

06 Wheel diameter Independent D m M0L1T0 

07 Robot speed Independent N m s-1 M0L1T-1 

08 Height of plant Independent Hp m M0L1T0 

09 Distance between two Plant Independent L m M0L1T0 

10 pesticide remaining in tank Independent Vt m3 M0L3T0 

11 Height of link Independent L1 m M0L1T0 

12 Link rotational speed Independent W m s-1 M0L1 T-1 

13 Pest detection accuracy Independent Α Dimension less M0L0T0 

14 Pesticide viscosity Independent µ N-s m-3 M1L-1T-1 

15 Pesticide spraying force Independent F N M1L1T-2 

16 Pesticide volume Dependent Vs m3 M0L3T0 

17 Plant scan time Dependent T sec M0L0 T1 

18 No. of pest detected Dependent N Dimension less M0L0T0 



March, 2026      Development of a dimensionless model for pesticide spraying in agricultural robotics     Vol. 28, No.1   252 

typically selected based on precise criteria to ensure 
that they capture the fundamental aspects of the system 
and can form dimensionless groups with other varia- 

bles. Table 2 list of repeating variables used in your 
analysis. These are fundamental variables that appear 
repeatedly in the dimensional analysis of system. 

Table 2 Identification of repeating variables in Buckingham Pi theorem application 

 
2.3.3 Formation of Pi-Terms for independent variables 

The application of Buckingham Pi theorem in this 
study utilizes fundamental physical quantities to ex-
press all independent and dependent variables in terms 
of the MLT (Mass-Length-Time) system. Specifically, 
M represents Mass, with its unit in kilograms (kg); L 
denotes Length, measured in meters (m); and T corre-
sponds to Time, with its unit in seconds (s). All varia-
bles in the system both independent and dependent—
are expressed using these base dimensions. The result-
ing equations, as derived through the dimensional 
analysis process, adhere to this principle and are for-
mulated accordingly.  
 (1) First π term 

   π 1 = (H)a(g)b(µ)cB              (1) 
Substitution of Dimensional Quantities into the 

Equation: 
M0L0T0 = [ M0L1T0 ]a [M0L1T-2]b [M1L-1 T-1]c 

[M0L1T0] 
Equating the dimensions on both sides. 
mass: 0=c, a=-1; length: 0=a+b−c+1, b=0; 

time0=2b−c, c = 0. 
Substituting the values a, b, c in the equation of π1 

term. 
   π 1 = (H)a(g)b(µ)cB  
Therefore, the final equation is: 

𝜋𝜋1 = �
𝐵𝐵
𝐻𝐻�

 

(2) Second π term 
π 2 = (H)a(g)b(µ)cM              (2) 

Substitution of Dimensional Quantities into the 
Equation. 

M0L0T0=[M0L1T0]a[M0L1T-2]b[M1L-1T-1]cM1L0T0] 

Equating the dimensions on both sides, Substitut-
ing the values a, b, c in the equation of π2 term in equa-
tion π 2 = (H)a (g)b(µ)cM. 

Therefore, the final equation is: 

𝜋𝜋2 = ��
𝑔𝑔
𝐻𝐻3

𝑀𝑀
𝜇𝜇
� 

(3) Third π term 
π 3 = (H)a(g)b(µ)cHr              (3) 

Substitution of Dimensional Quantities into the 
Equation. 

M0L0T0=[M0L1T0]a[M0L1T-2]b[M1L-1T-1]cM0L1T0] 

Equating the dimensions on both sides. 
Therefore, the final equation is of π 3 = (H) a (g) b 

(µ) cH. 
mass: 0=c, a=-1; length 0=a+b−c+1,b = 0; Time 

0−2b−c, c = 0. 

𝜋𝜋3 = �
𝐻𝐻𝑟𝑟
𝐻𝐻 � 

(4) Fourth π term 
π 4 = (H)a(g)b(µ)cD           (4) 

Substitution of Dimensional Quantities into the 
Equation. 

M0L0T0=[M0L1T0 ]a[M0L1T-2]b[M1L-1 T-1]c 
[M0L1T0] 

Equating the dimensions on both sidest: 
mass: 0=c, a=-1; length: 0=a+b−c+1,b = 0; time: 

0−2b−c, c = 0. 
Therefore, the final equation of π 4 = (H)a(g)b(µ)cD 

𝜋𝜋4 = �
𝐷𝐷
𝐻𝐻�

 

(5) Fifth π term 
π 5 = (H)a(g)b(µ)cN            (5) 

Substitution of Dimensional Quantities into the 
Equation. 

M0L0T0=[M0L1T0]a[M0L1T-2]b[M1L-1T-1]c [M0L1T-

1] 
mass: 0=c, a=-1/2, b=-1/2, c=0; length: 

0=a+b−c+1,b = -1/2; time: 0 = 0−2b−c-1, c = 0. 
Therefore, the final equation is π 5 = (H)a(g)b(µ)cN 

Sr. No. Description of Variables Types of Variables Symbols Unit Dimensions 

01 Height of Robot Independent H m M0L1T0 

02 Acceleration due to gravity Independent G m s-2 M0L1T-2 

03 Pesticide viscosity Independent µ Pa sec M1L-1T-1 
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𝜋𝜋5 = �
𝑁𝑁

�𝐻𝐻𝐻𝐻
� 

(6) Sixth π term 
π 6 = (H)a(g)b(µ)c Hp                     (6) 

Substitution of Dimensional Quantities into the 
Equation 

M0L0T0 = [ M0L1T0 ]a[M0L1T-2]b[M1L-1 T-1]c 
[M0L1T0] 

Equating the dimensions on both sides. 
Mass 0=c, a=-1; Length:0=a+b−c+1,b = 0;Time 

0−2b−c,c = 0. 
Therefore, the final equation is π 6 = (H)a(g)b(µ)c Hp 

𝜋𝜋6 = �
𝐻𝐻𝑝𝑝
𝐻𝐻 � 

(7) Seventh π term 
π 7 = (H)a(g)b(µ)c L           .(7) 

Substitution of Dimensional Quantities into the 
Equation 

M0L0T0=[M0L1T0]a[M0L1T-2]b[M1L-1T-1]c[M0L1T0] 
mass: 0=c, a=-1, b = 0,c = 0 ; length: 0=a+b−c+1 b 

= 0; time: 0−2b−c, c = 0. 
Equating the dimensions on both sides of π 7 = 

(H)a(g)b(µ)c L 
Therefore, the final equation is: 

𝜋𝜋7 = �
𝐿𝐿
𝐻𝐻�

 

(8) Eighth π term 
π 8 = (H)a(g)b(µ)c Vt              (8) 

Substitution of Dimensional Quantities into the 
Equation 

M0L0T0=[M0L1T0]a[M0L1T-2]b[M1L-1T-1]cM0L3T0] 

Equating the dimensions on both sides. 
mass: 0=c, a=-3, b = 0 c = 0; length: 0=a+b−c+3, b 

= 0; time: 0−2b−c, c = 0. 
Therefore, the final equation is π 8 = (H)a(g)b(µ)c Vt 

𝜋𝜋8 = �
𝑉𝑉𝑉𝑉
𝐻𝐻3� 

(9) Nine π term 
π 9 = (H)a(g)b(µ)c L1                     (9) 

Substitution of Dimensional Quantities into the 
Equation 

M0L0T0=[M0L1T0]a[M0L1T-2]b[M1L-1T-1]c[M0L1T0] 

mass: 0=c, a=-1, b = 0, c = 0 ; length: 0=a+b−c+1,b 

= 0 ; time: 0−2b−c, c = 0. 
Therefore, the final equation is π 9 = (H)a(g)b(µ)c L1. 

𝜋𝜋9 = �
𝐿𝐿1
𝐻𝐻� 

(10) Tenth π term 
π 10 = (H)a(g)b(µ)cw            (10) 

Substitution of Dimensional Quantities into the 
Equation 

M0L0T0=[M0L1T0]a[M0L1T-2]b[M1L-1T-1]c [M0L1T-

1] 
mass: 0=c, a=-1/2 ; length: 0=a+b−c+1, b = -1/2 ; 

time: 0 = 0-2b-c-1,c = 0. 
Therefore, the final equation is π 10 = (H)a(g)b(µ)cw. 

𝜋𝜋10 = �
𝑤𝑤

�𝐻𝐻𝐻𝐻
� 

(11) Eleventh π term 
π 11 = (H)a(g)b(µ)cα                (11) 

Substitution of Dimensional Quantities into the 
Equation. 

M0L0T0 = [M0L1T0]a [M0L1T-2]b[M1L-1 T-1]c 
[M0L0T0] 

mass: 0=c,a= 0, b = 0, c = 0 ; length: : 0=a+ b−c,b 
= 0 ; time: 0 = 0−2b−c, c = 0. 

Therefore, the final equation is π 11 = (H)a(g)b(µ)cα. 
𝜋𝜋11 = [𝛼𝛼] 

(12) Twelfth π term 
π 12 = (H)a(g)b(µ)cF           (12) 

Substitution of Dimensional Quantities into the 
Equation. 

M0L0T0 = [ M0L1T0 ]a[M0L1T-2]b[M1L-1 T-1]c 
[M1L1T-2] 

mass: 0=c + 1, a= -3/2 ; length: 0=a+b−c+1,b = -
1/2 ;time: 0 = 0−2b−c-2,c = -1. 

Therefore, the final equation is π 12 = (H)a(g)b(µ)cF. 

𝜋𝜋12 = �
𝐹𝐹

�𝐻𝐻3𝑔𝑔𝜇𝜇
� 

The dimensionless π (Pi) terms derived using 
Buckingham Pi Theorem for dimensional analysis. 
These π terms facilitate the simplification of complex 
physical relationships by transforming them into non-
dimensional groups, thereby enabling a more general-
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ized and scalable representation of the system's behav-
ior. The use of these dimensionless groups allows for 
the identification of key factors influencing the system 

and enhances the ability to model, analyze, and opti-
mize its performance under varying conditions as 
shown in Table 3.

Table 3  Formulation of independent π terms 

pi (π) terms pi (π) terms equation pi (π) terms pi (π) terms equation 

π
 1
 𝜋𝜋1 = �

𝐵𝐵
𝐻𝐻
� π

 7
 𝜋𝜋7 = �

𝐿𝐿
𝐻𝐻
� 

π
 2
 𝜋𝜋2 = ��

𝑔𝑔
𝐻𝐻3

𝑀𝑀
𝜇𝜇
� π

 8
 𝜋𝜋8 = �

𝑉𝑉𝑉𝑉
𝐻𝐻3� 

π
 3
 𝜋𝜋3 = �

𝐻𝐻𝑟𝑟
𝐻𝐻
� π

 9
 𝜋𝜋9 = �

𝐿𝐿1
𝐻𝐻
� 

π
 4
 𝜋𝜋4 = �

𝐷𝐷
𝐻𝐻
� π

 10
 𝜋𝜋10 = �

𝑤𝑤
�𝐻𝐻𝐻𝐻

� 

π
 5
 𝜋𝜋5 = �

𝑁𝑁
�𝐻𝐻𝐻𝐻

� π
 11

 𝜋𝜋11 = [𝛼𝛼] 

π
 6
 𝜋𝜋6 = �

𝐻𝐻𝑝𝑝
𝐻𝐻
� π

 12
 𝜋𝜋12 = �

𝐹𝐹
�𝐻𝐻3𝑔𝑔𝜇𝜇

� 

  
2.3.4 Formation of pi (π) terms for dependent variables 

(1) First πd term 
π d1 = (H)a(g)b(µ)c Vs          (13) 

Substituting the dimensions into the equation, we 
get: 

M0L0T0 = [M0L1T0 ]a[M0L1T-2]b[M1L-1 T-1]c 
[M0L3T0] 

Equating the dimensions on both sides. 
mass: 0=c, a=-3, b = 0 and c = 0;

 length: 0=a+b−c+3,b = 0;  time: 
0−2b−c, c = 0 

 
Therefore, the final equation is π d1 = (H)a(g)b(µ)c 
Vs. 

𝜋𝜋𝑑𝑑1 = �
𝑉𝑉𝑉𝑉
𝐻𝐻3� 

(2) Second πd term 
π d2 = (H)a(g)b(µ)c t             (14) 

Substituting the dimensions into the equation. 
M0L0T0 = [ M0L1T0 ]a[M0L1T-2]b[M1L-1 T-1]c 

[M0L0T1] 

Equating the dimensions on both sides. 
mass: 0=c, a=-1/2; length: 0=a+b−c, b = ½;

 time: 0 = 0−2b−c+1  c = 0 
Therefore, the final equation is π d2 = (H)a(g)b(µ)c t. 

𝜋𝜋𝑑𝑑2 = ��
𝑔𝑔
𝐻𝐻
𝑡𝑡� 

The dimensionless π (Pi) terms corresponding to 
the dependent variables in the robotic pesticide spray-
ing system. These terms are derived through Bucking-

ham 𝑃𝑃𝑃𝑃 Theorem and represent the relationships be-
tween the dependent variables in a non-dimensional 
form. By converting the physical quantities into di-
mensionless groups, this approach facilitates the sim-
plification of complex relationships, enabling more ef-
ficient analysis and reducing the need for extensive ex-
perimental setups. The use of these dimensionless 
terms enhances the clarity of system behavior, allow-
ing for more generalized and scalable modeling as in 
the Table 4. 

Table 4 Formulation of dependent Pi (π) terms 

Pi (π) terms Pi (π) terms equation 

𝜋𝜋𝑑𝑑1 �
𝑉𝑉𝑉𝑉
𝐻𝐻3� 

𝜋𝜋𝑑𝑑2 ��
𝑔𝑔
𝐻𝐻
𝑡𝑡� 

2.4 Reduction of variables using dimensional anal-
ysis  

The variables involved in this process are com-
bined into dimensionless Pi (π) terms, which are for-
mulated based on the respective dimensional identities 
of the grouped variables. According to Buckingham 𝜋𝜋 
Theorem, a physical phenomenon comprises multiple 
variables, both independent and dependent, each ex-
pressed in terms of fundamental dimensions such as 
mass (M), length (L), and time (T). These variables are 
then represented as π-terms. The theorem simplifies 
the problem by reducing its complexity and expressing 
the relationships between variables as dimensionless 
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𝜋𝜋-terms, thus facilitating easier analysis and interpre-
tation. To further enhance the simplicity and minimize 
the complexity of the process, the independent π -
terms derived above have been refined using the vari-
able reduction method proposed by Schenk Jr. This 
method allows for a more efficient grouping of the ex-
isting 𝜋𝜋-terms, yielding a new independent 𝜋𝜋-term by 
considering the inherent nature of the variables. As a 
result, four distinct 𝜋𝜋-terms are formed, which are as 
follows: 

1. The first 𝜋𝜋 term, π₁, is associated with the ge-
ometry of the robot, capturing the spatial and structural 
factors influencing its movement and efficiency. 

2. The second πterm, π₂, pertains to the plant, rep-
resenting the physical characteristics and behaviour of 
the plant being sprayed. 

3. The third 𝜋𝜋 term, π₃, is related to the sensor, in-
corporating the effects of sensor technology on data 
acquisition and system performance. 

4. The fourth 𝜋𝜋 term, π₄, is linked to the volume, 
reflecting the impact of pesticide volume on spray 
distribution and coverage. 

As a result, the total 12 𝜋𝜋 terms corresponding to 
the independent variables in the pesticide-spraying 
system have been condensed and organized into these 
four new 𝜋𝜋 terms, as summarized in Table 5 below 
the dimensionless Pi (π) terms, which are formulated 

using the Buckingham 𝜋𝜋 theorem to describe key re-
lationships in a robotic pesticide spraying system. 
These terms help in reducing the complexity of the sys-
tem by expressing relationships between variables in a 
non-dimensional form, which is useful for scaling, op-
timization, and experimental validation. Additional 
variables that could be included in the dimensionless 
model to further enhance spraying performance are 
those that influence droplet behaviour, coverage uni-
formity, and energy efficiency during spraying. For in-
stance, diameter of nozzle and spray pressure could be 
incorporated to account for variations in pesticide 
droplet size and spray pattern, which directly affect 
deposition efficiency. Air velocity could be included 
to represent the impact of environmental conditions on 
droplet drift and dispersion. Similarly, robot velocity 
and nozzle-to-target distance are important operational 
parameters that influence the precision and uniformity 
of pesticide delivery. Other relevant factors such as 
fluid density, surface tension, and ambient humidity or 
temperature could also be considered, as they affect 
evaporation rate and droplet adhesion on plant surfaces. 
Including these variables in the dimensionless model 
would enable a more comprehensive characterization 
of the spraying dynamics, leading to improved control 
accuracy, reduced chemical wastage, and optimized 
performance of the robotic spraying system.

Table 5 𝝅𝝅 terms in reduced form for independent variables 
Pi (П) terms Equations Description 

 𝜋𝜋1 �𝜋𝜋1
𝜋𝜋4
� �𝜋𝜋2

𝜋𝜋9
� � 𝜋𝜋3

𝜋𝜋10
� � 𝜋𝜋5

𝜋𝜋12
� = 𝐵𝐵𝐻𝐻𝑟𝑟𝑀𝑀𝑀𝑀

𝐷𝐷𝐿𝐿1𝜔𝜔𝜔𝜔
 𝜋𝜋 term related to the geometry of the robot 

𝜋𝜋2 �𝐻𝐻𝑝𝑝
𝐻𝐻
� �𝐿𝐿

𝐻𝐻
� = 𝐻𝐻𝑝𝑝𝐿𝐿

𝐻𝐻2
 𝜋𝜋 term related to the plant. 

𝜋𝜋3 [𝛼𝛼] 𝜋𝜋 term related to the camera and sensor. 

𝜋𝜋4 
 

�
𝑉𝑉𝑉𝑉
𝐻𝐻3� 

𝜋𝜋 term related to the pesticide volume. 

 
2.4.1 Determination of sample size for experimental 
validation 

Selecting an appropriate sample size is a critical 
component of designing a statistically valid experi-
mental study. Accurate estimation of the required sam-
ple size is essential to achieve a desired level of confi-
dence in the results. If the sample size is arbitrarily as-
sumed, the analyst must subsequently determine the 

confidence limits that correspond to the specified con-
fidence level. Sampling, in this context, involves de-
termining the optimal number of observations neces-
sary to ensure statistical reliability without unneces-
sary resource expenditure. As a general principle, the 
sample should be of optimum size large enough to 
yield precise estimates, yet not excessively large to 
avoid waste of time and resources. 
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When the population variance (σ²) is known, the 
required sample size 𝑛𝑛 for a confidence level of (α), 
with a margin of error ±d on either side of the mean, is 
calculated using the following formula: 

𝑛𝑛 = �
(𝑍𝑍𝑍𝑍/2)(𝜎𝜎)

𝑑𝑑
�
2

 

Considering the 95% confidence level, from the 
normal table for 95% probability we have 𝑍𝑍𝑍𝑍/2 
=1.96 and α = 0.05. Assuming the estimate should lie 
within the interval n = μ ± (σ/5) with probability of 
0.95 where μ is the population mean. 

𝑛𝑛 = �
(1.96)(𝜎𝜎)

σ/5
�
2

 

𝑛𝑛 = 96.04 ≈ 96 

 
Figure 1 Fabrication and assembly of the pesticide spraying ro-

bot 

2.4.2 Experimental setup and system configuration 
The experimental setup of the pesticide spraying 

robot was systematically designed and fabricated to fa-

cilitate field experimentation in accordance with the 

predefined experimental plan, as illustrated in Figure 1. 

The Figure 1 depicts a mobile robotic platform specif-

ically developed for pesticide application in agricul-
tural environments. The robot is engineered to autono-

mously navigate through crop fields, utilizing sensor-

based perception for plant detection, and to perform 

targeted and efficient pesticide spraying operations. 

This autonomous functionality enables precise pesti-

cide delivery, minimizing wastage and enhancing cov-

erage uniformity across the treatment area. 

The power screw is a mechanical component that 
facilitates vertical movement, likely adjusting the 

height of the spraying nozzle for better pesticide appli-
cation. It ensures that the spray reaches plants of vary-
ing heights. The nozzle is responsible for spraying pes-
ticides onto crops. It disperses the liquid in a controlled 
manner to ensure uniform coverage and minimize 
Wastage. The camera is used for It assists in identify-
ing infected plants and determining where pesticide 
application is needed. This tank holds the pesticide so-
lution before it is sprayed onto the crops. It ensures a 
during operation. The Raspberry Pi is the main com-
puting unit controlling the robot's operation. It pro-
cesses data from sensors and cameras, enabling auton-
omous decision-making for navigation and spraying. 
The battery powers the robotic system, providing en-
ergy for motors, sensors, and electronic components. 
A rechargeable power source allows continuous oper-
ation in the field. The chassis is the robot, supporting 
all the components. It provides stability and protection 
to the internal systems. The wheels enable mobility, al-
lowing the robot to move through the field. They are 
designed for rough agricultural terrain, ensuring 
smooth navigation. 
2.4.3 Experimental observations and data recording  

A field experiment was conducted in a cotton crop 
field to evaluate the performance of a pesticide-spray-
ing robot in terms of pest detection accuracy and pes-
ticide application efficiency. The experiment was car-
ried out in an agricultural field located in the Nagpur 
district, Maharashtra, India. Cotton is typically culti-
vated in this region during the rainy season, which be-
gins in June. Therefore, the experimental period was 
selected from August 2023 to March 2024 to capture 
the critical growth phases of the cotton plants. The to-
tal field area selected for the experiment was approxi-
mately 4,046.890 square meters, containing 130 cotton 
plants. These plants were arranged in 13 rows, with 10 
plants in each row. Prior to the commencement of the 
experiment, the pesticide-spraying robot was cali-
brated to ensure proper functioning of the pest detec-
tion and pesticide application systems. This process in-
volved adjusting the sensor systems for accurate plant 
detection and configuring the convolution neural net-
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work based pest detection algorithm to correctly iden-
tify pests on the plants. 

Additionally, the accuracy of the spraying system 

specifically droplet size and spray coverage was veri-

fied. The navigation system was also tested to ensure 

smooth and consistent movement along the cotton 
plant rows. At the beginning of each trial, the robot was 

positioned at the starting point of the field. Upon re-

ceiving an input signal, the wheel motors were actu-

ated, and the robot began traversing the field. During 

its movement, the robot identified the location of each 

plant and stopped in front of it. Subsequently, the mo-

tor of the power screw mechanism was actuated, caus-

ing the moving platform housing the camera and noz-

zle to elevate and scan the plant in a frame-wise man-

ner. During the vertical scanning motion, the on-board 
camera captured sequential image frames of the plant 

and transmitted them to the convolution neural net-

work based pest detection algorithm. This algorithm 

processed each frame to identify the presence of pests 

on the plant leaves. Upon detection, a control signal 

was generated and sent to the spray management sys-

tem. 

In response to this signal, the pesticide pump was 
actuated, drawing the required volume of pesticide 
from the storage tank and delivering it through the 
pipeline to the spray nozzle. The system was pro-
grammed to dispense a precise volume of 10 millilitres 
of pesticide directly onto the detected pest location, en-
suring targeted application and minimizing chemical 
waste. 

3 Results 

3.1 Model formulation using response surface 
methodology 

Response Surface Methodology (RSM) is a statis-
tical technique useful for developing, improving, and 
optimizing processes. It is particularly valuable in 
modelling and analysing problems where multiple var-
iables influence a response variable or output, with the 
goal of optimizing this response. In the context of a 
pesticide-spraying robot, RSM can be used to model 

the relationship between key independent variables 
(factors) and the output (response), such as the effec-
tiveness of pesticide application, spray uniformity, or 
pesticide usage efficiency. The primary objective is to 
determine the optimal conditions for pesticide applica-
tion to achieve maximum effectiveness with minimal 
waste. This method involves conducting a series of de-
signed experiments to evaluate the effects of input var-
iables and their interactions on the response. By fitting 
a polynomial model to the experimental data, RSM 
helps in understanding complex relationships between 
variables, identifying optimal conditions, and improv-
ing processes across various fields. 

The equation for RSM is y =  f(X1, X2) + ɛ 
Where, X1, and X2 are process parameters and ɛ 

represents the error observed in the response y, if we 
denote the expected responses by  

E(y) = f(xX1, xX2) = ή 
The experiments were designed and conducted us-

ing RSM. The response surface model was developed 

using the statistical software MATLAB. The best-fit 

regression equations for the selected model were ob-
tained for the response characteristics. The reliability 

of the first model for pesticide spread (πd₁) in the RSM 

analysis, despite its low R2 value (0.108) and negative 

adjusted R2, can be justified by recognizing its prelim-

inary or exploratory role in the modeling process. A 

low R2 indicates that the selected variables in this ini-

tial model explain only a small portion of the variation 

in pesticide spread, suggesting that key influencing 

acors might be missing or their interactions are nonlin-

ear. However, such early-stage models are valuable for 
identifying trends, testing assumptions, and guiding 

the refinement of experimental design. The negative 

adjusted R2 highlights that the model may not yet pro-

vide a strong predictive fit, but it still offers insight into 

variable sensitivity and potential directions for im-

provement in subsequent iterations. In the context of 

dimensional analysis and RSM, this preliminary model 

serves as a baseline reference, from which more com-

prehensive models—incorporating additional parame-
ters or interaction terms can be developed to achieve 
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higher accuracy and predictive capability. Thus, while 

the statistical reliability of this specific model is lim-

ited, its analytical value lies in informing the optimiza-

tion and refinement process of the overall system 

model.  

 
Figure 2 Graphical representation of response surface model for pesticide spread 

3.2 Development of response surface model for pes-
ticide quantity spread  

Figure 2 shows the relationship between several 
variables in the pesticide-spraying robot.

Below is a breakdown of each axis and component 
represents: 

Vertical axis (πd1): This represents the plant scan 
time, which indicates the time required for the robot to 
scan or cover a particular area in the field. 

Horizontal axes: 
The axis labelled π1π2 represents the combined ef-

fect of the robot’s geometry (π1) and another inde-
pendent variable, possibly related to the robot or spray-
ing process. 

The axis labelled π3π4 represents the combined ef-
fect of pesticide volume parameters, potentially in-
cluding factors such as spray volume or nozzle flow 
rate. 

Surface representation: The surface represents a 
fitted model or mathematical surface, showing how 
plant scan time (πd1) changes as the values of π1π2 
and π3π4 vary. 

Surface shape: The shape of the surface indicates 
non-linear relationships between these variables. 
Peaks and valleys suggest points where the plant scan 
time significantly increases or decreases based on dif-
ferent combinations of π1π2 and π3π4.  

Black dots (data points): These represent actual 
measurements or observations. The dispersion of these 
points around the surface indicates the model’s accu-
racy—closely aligned points suggest a good fit, while 
widely spread points indicate potential deviations. This 
plot essentially helps to visualize and interpret the ef-
fect of robot geometry and pesticide volume on the 
plant scan time, guiding optimizations for efficient 
pesticide spraying. 

 
Linear model Poly55: 
f(x,y) = p00+p10*x + p01*y + p20*x^2 + p11*x*y 

+ p02*y^2 + p30*x^3 + p21*x^2*y+p12*x*y^2+ 
p03*y^3 + p40*x^4 + p31*x^3*y +p22*x^2*y^2+ 
p13*x*y^3+p04*y^4+p50*x^5+p41*x^4*y+p32*x^3
*y^2+p23*x^2*y^3+ p14*x*y^4 + p05*y^5 

Where x is normalized by mean 8.092 and standard 
1.994 and where y is  normalized by mean 0.01249 
and standard 0.0002645 

Coefficients (with 95% confidence bounds): 
p00 =3.875e-05 (3.752e-05, 3.999e-05) 
p10 = -1.66e-08 (-2.01e-06, 1.977e-06) 
p01 = -1.709e-06 (-3.781e-06, 3.636e-07) 
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p20 = -3.391e-07 (-2.03e-06, 1.352e-06) 
p11 = -1.327e-07 (-1.734e-06, 1.469e-06) 
p02 = 5.065e-08 (-1.765e-06, 1.866e-06) 
p30= -7.161e-08 (-1.528e-06, 1.385e-06) 
p21= 3.078e-07 (-1.381e-06, 1.996e-06) 
p12= -7.751e-08 (-2.304e-06, 2.149e-06) 
p03 = 2.406e-06 (5.017e-09, 4.807e-06) 
p40 = 3.322e-08 (-4.523e-07, 5.187e-07) 
p31 = 2.183e-07 (-4.245e-07, 8.611e-07) 
p22 =1.372e-07 (-8.643e-07, 1.139e-06) 
p13 =1.074e-07 (-4.377e-07, 6.526e-07) 
p04 = -2.865e-08 (-4.963e-07, 4.39e-07) 
p50 = 2.586e-08 (-2.741e-07, 3.259e-07) 
p41 = -6.924e-08 (-4.727e-07, 3.342e-07) 
p32 = -2.801e-07 (-9.627e-07, 4.026e-07) 
p23 = -1.697e-07 (-7.335e-07, 3.941e-07) 
p14 = 2.254e-07 (-2.948e-07, 7.457e-07) 
p05 = -5.232e-07 (-1.065e-06, 1.823e-08) 
These model evaluation metrics suggest that the 

model may not be fitting the data well, despite the very 
low SSE and RMSE. Below is an interpretation of each 
metric in this context: 

SSE (Sum of Squared Errors) – 5.327e-10: This ex-
tremely low SSE value suggests that the model’s pre-
dictions are very close to the observed values on an ab-
solute scale, with minimal error in terms of raw 
squared differences. However, SSE alone does not in-
dicate how well the model captures the underlying pat-
tern in the data. 

Goodness of fit: 

SSE 5.327e-10 

R-square 0.108 

Adjusted R-square -0.07042 

RMSE 2.308e-06 
 

R-squared (0.108): An R-squared value of 0.108 
means that only about 10.8% of the variance in the de-
pendent variable (likely πd1 or πd2) is explained by the 
model. This low R-squared suggests that, while the 
predictions have low absolute error, the model does not 
capture much of the actual variability in the data. It 
may indicate that the model is over fitting or not effec-
tively explaining the relationships in the data. 

Adjusted R-squared (-0.07042): The negative Ad-
justed R-squared value suggests that the model may 
perform worse than a simple mean-based model. In 
other words, the added predictors (independent varia-
bles) do not contribute meaningful explanatory power 
and might even introduce noise into the model. This 
often indicates poor fit or over fitting, where the model 
captures noise rather than general patterns. 

RMSE (Root Mean Square Error) – 2.308e-06: The 
RMSE is very low, consistent with the low SSE, mean-
ing the average prediction error is extremely small. 
However, like SSE, a low RMSE does not necessarily 
mean that the model captures the underlying trends if 
the R-squared values are poor. 
3.3 Development of response surface model for 
plant scan time 

The relationship between several variables in the 
model as shown in Figure 3, similar to the previous one, 
but with πd2 on the vertical axis. 

Below is a breakdown of what each element repre-
sents: 

Vertical axis (πd2): This axis represents a new de-
pendent variable related to the model. πd2 could corre-
spond to another parameter tied to the spraying robot's 
performance or efficiency, potentially reflecting a dif-
ferent aspect of the robot's operational time or effec-
tiveness in covering the plants. 

Horizontal axes: π1π2: Represents the combined 
influence of robot geometry (π1) and another parame-
ter, likely related to the robot or spraying configura-
tion.π3π4: Represents the combined effect of pesticide 
volume parameters, including factors such as spray 
volume or nozzle flow rate. 

Surface model representation: The surface model 
in the graph displays the estimated relationship be-
tween πd2 and the combined values of π1π2 and π3π4. 

Surface shape: The presence of peaks and valleys 
suggests that πd2 has a non-linear dependency on these 
variables, with certain ranges of π1π2 and π3π4 lead-
ing to higher or lower values of πd2. 

Data points: The black dots represent actual data 
values or observations, showing how the model's pre-
dictions (the surface) compare to real measurements. 
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A close alignment of the dots with the surface indicates 
a good model fit, while scattered points suggest areas 
where the model may not capture all the variability in 
the data. 

Significance of the plot: This visualization helps in 
understanding the combined effects of robot geometry 
and pesticide volume on πd2, aiding in the identifica-
tion of optimal configurations for improving the ro-
bot’s performance. 

Figure 3 Graphical representation of response surface model for plant scan time 

These statistics provide insights into the perfor-

mance of the model shown in the 3D plot for predicting 

the dependent variable (πd2). Here’s what each metric 

indicates SSE (Sum of Squared Errors) 539.7 SSE 

measures the total squared differences between the ob-
served values and the values predicted by the model. A 

lower SSE indicates a better fit, as it means the predic-

tions are closer to the actual observations. However, 

SSE alone doesn’t provide context for how well the 

model performs relative to the overall variability in the 

data. R-square (0.6547) R-square, or the coefficient of 

determination, indicates the proportion of variance in 

the dependent variable (πd2) that is explained by the 

independent variables in the model. An R-square of 
0.6547 means that around 65.47% of the variability in 

πd2 is explained by the model. This is a moderate level 

of explanation, suggesting that the model captures a 

significant portion of the data's variability but leaves 

some unexplained. Adjusted R-square (0.5856) Ad-

justed R-square adjusts the R-square value to account 

for the number of predictors in the model, providing a 

more accurate measure of goodness-of-fit when multi-

ple variables are used. An Adjusted R-square of 0.5856 

is slightly lower than the R-square, indicating that 

some variability might be due to noise or less relevant 

variables. This metric is useful for assessing if adding 

more variables significantly improves the model. 

RMSE (Root Mean Square Error) 2.323 RMSE 

measures the average magnitude of the residuals or 
prediction errors. It gives an idea of the model's pre-

diction accuracy in the units of the dependent variable 

(πd2). An RMSE of 2.323 indicates that, on average, 

the model’s predictions deviate from the actual values 

by about 2.323 units. Lower RMSE values imply better 

model accuracy. Figure 4 shows the close alignment 

between the two lines suggests the calculated model 

accurately predicts or describes the behaviour ob-

served experimentally, with minor discrepancies 
likely due to experimental variability. 

Linear model Poly55: 
F (x, y) = p00 + p10*x + p01*y + p20*x^2 + 

p11*x*y + p02*y^2 + p30*x^3 + p21*x^2*y 
+p12*x*y^2 + p03*y^3 + p40*x^4 + p31*x^3*y + 
p22*x^2*y^2 + p13*x*y^3 + p04*y^4 + p50*x^5 + 
p41*x^4*y + p32*x^3*y^2 + p23*x^2*y^3 + 
p14*x*y^4 + p05*y^5 

Where x is normalized by mean 8.092 and standard 
1.994 and where y is normalized by mean 0.01249 and 
standard 0.0002645 
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Coefficients (with 95% confidence bounds): 
p00 =39.97 (38.72, 41.21) 
p10 =-2.525 (-4.531, -0.5185) 
p01 =1.099 (-0.9868, 3.185) 
p20 = -0.6337 (-2.336, 1.069) 
p11 =0.9835 (-0.6283, 2.595) 
p02 =0.7858 (-1.041, 2.613) 
p30 =0.3124 (-1.153, 1.778) 
p21 =0.5633 (-1.136, 2.263) 
p12 =-0.1498 (-2.391, 2.091) 
p03 =-1.819 (-4.236, 0.5976) 
p40 =0.4912 (0.002506, 0.9798) 
p31 =-0.0484 (-0.6954, 0.5986) 
p22 =-0.5433 (-1.551, 0.4648) 

p13 =-0.04823 (-0.597, 0.5005) 
p04 =-0.1243 (-0.595, 0.3464) 
p50 =-0.2271 (-0.5291, 0.07484) 
p41 =-0.02778 (-0.4338, 0.3783) 
p32 = 0.3488 (-0.3384, 1.036) 
p23 =-0.1301 (-0.6975, 0.4374) 
p14 =-0.0878 (-0.6115, 0.4359) 
p05 =0.4377 (-0.1073, 0.9827)Goodness of fit: 

SSE: 539.7 

R-square: 0.6547 

Adjusted R-square: 0.5856 

RMSE: 2.323 

 
 Figure 4 Calculated vs. experimental values for plant scan time 

 
Figure 5 Experimental model and calculated model for pesticide quantity spread 
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Table 6 Sample calculation for percentage error between experimental, linear regression, and artificial neural network  

  
The parameter related to the dynamics of a pesti-

cide-spraying robot, the consistency of model in pre-
dicting robot behavior under controlled conditions. 
Where experimental factors (e.g., actuator noise, envi-
ronmental effects) introduce deviations, which might 
need to be addressed for better control and stability as 
shown in Figure 5. 3.4 Evaluation and interpretation of 
experimental errors 

The error is the difference between a calculated 

value and an experimental value. If the error is less 

than the condition of the experiment or measurement 

is said to be accurate which helps to create good and 

accurate mathematical correlations between output and 

input below table shows the sample calculation be-

tween experimental, linear regression, and Artificial 

neural network as shown in table 6. 
The percentage error for three different modelling 

techniques. Each row in the table represents a different 

experimental or test case, showing how each model 
performed in terms of prediction accuracy. The per-
centage error quantifies the deviation of the predicted 
values from the actual values, with lower values indi-
cating better accuracy. Multiple Regression and ppol-
ynomial regression produce identical error values for 
each case, suggesting that the polynomial model used 
might be similar to or derived from the multiple regres-
sion model. RSM tends to have higher errors compared 
to the other two methods in many cases, particularly in 
cases like row 2 (14.8401%) and row 5 (18.3594%). 
This suggests that RSM may not be the most precise 
approach for this dataset. In some cases, RSM outper-
forms the other models (e.g., row 13 with 0.5886% er-
ror), indicating that it may work well under specific 
conditions. The error values fluctuate across different 
cases, indicating variability in model performance de-
pending on the dataset characteristics. 

Multiple Regression   %Error Polynomial     %Error RSM        % Error 

1.4988 1.4988 5.6297 

5.8359 5.8359 14.8401 

2.1099 2.1099 8.8974 

1.8612 1.8612 2.6687 

5.5244 5.5244 18.3594 

1.1208 1.1208 6.0638 

1.8497 1.8497 3.2132 

3.5677 3.5677 1.9682 

2.9631 2.9631 0.9416 

6.4750 6.4750 11.7794 

8.8183 8.8183 3.1330 

0.6976 0.6976 6.7721 

4.7249 4.7249 0.5886 

0.6031 0.6031 4.1896 

4.4702 4.4702 1.7506 

0.0011 0.0011 4.0956 

3.4281 3.4281 8.3705 

7.9145 7.9145 13.4424 

1.6080 1.6080 5.8584 

1.9712 1.9712 3.1852 

4.8122 4.8122 1.1200 

8.8875 8.8875 14.4768 

1.7750 1.7750 4.4749 
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Figure 6 Error analysis of plant scan time using MRA Model    

 
Figure 7 Error prediction in pest detection using MRA Model 

       
The calculated line represents the expected behav-

iour of a theoretical model as shows in Figure 6. Its 
smoothness suggests a well-behaved and deterministic 
prediction. The experimental line has much greater 
variability, but its overall mean trend is similar to the 
calculated line, indicating that the model captures the 
general behaviour of the system. 

The model is effective in predicting trends. Exper-
imental noise or disturbances need to be mitigated to 
achieve closer alignment between calculated and ob-
served results as shows in Figure 7. Additional analysis 

of the discrepancies can help improve the robot's reli-
ability and precision in real-world agricultural applica-
tions. The dimensionless π-groups, which are formed 
using dimensional analysis represents in table 7 (typi-
cally with the Buckingham Pi theorem) to describe the 
relationships between different variables in your sys-
tem. 

Three columns of numerical data for 20 different 
test cases or conditions. However, without specific 
variable names, it provide a general interpretation 
based on the pattern and typical uses of such datasets  
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shown in Table 8.
Table 7 Identification and analysis of independent parameters 

 
Sr. No. 

π1 π2 π3 π4 

�
𝐵𝐵𝐻𝐻𝑟𝑟𝑀𝑀𝑀𝑀
𝐷𝐷𝐿𝐿1𝜔𝜔𝜔𝜔

� �
𝐻𝐻𝑝𝑝𝐿𝐿
𝐻𝐻2 � 

[𝛼𝛼] 𝑉𝑉𝑉𝑉
𝐻𝐻3 

1 1.73E+01 7.31E-01 9.50E-01 1.31E-02 
2 1.48E+01 7.78E-01 9.70E-01 1.31E-02 
3 1.62E+01 7.15E-01 9.60E-01 1.31E-02 
4 1.57E+01 6.86E-01 9.40E-01 1.31E-02 
5 1.67E+01 7.76E-01 9.80E-01 1.31E-02 
6 1.40E+01 7.14E-01 9.30E-01 1.31E-02 
7 1.30E+01 7.27E-01 9.60E-01 1.31E-02 
8 1.40E+01 7.34E-01 9.50E-01 1.31E-02 
9 1.72E+01 6.47E-01 9.20E-01 1.31E-02 

10 1.35E+01 7.20E-01 9.70E-01 1.31E-02 
11 1.36E+01 7.58E-01 9.40E-01 1.31E-02 
12 1.34E+01 7.66E-01 9.80E-01 1.31E-02 
13 1.27E+01 7.01E-01 9.60E-01 1.31E-02 
14 1.58E+01 6.49E-01 9.30E-01 1.31E-02 
15 1.15E+01 7.29E-01 9.90E-01 1.31E-02 
16 1.25E+01 6.73E-01 9.20E-01 1.31E-02 
17 1.16E+01 7.55E-01 9.50E-01 1.31E-02 
18 1.31E+01 7.45E-01 9.70E-01 1.31E-02 
19 1.18E+01 7.07E-01 9.40E-01 1.31E-02 
20 1.35E+01 7.27E-01 9.40E-01 1.31E-02 

    Table 8 Sample calculation for dependent variable 

Sr. No. 
 

𝜋𝜋𝑑𝑑1 = �𝑉𝑉𝑉𝑉
𝐻𝐻3
�  

𝜋𝜋𝑑𝑑2 = ��𝑔𝑔
𝐻𝐻
𝑡𝑡�  𝜋𝜋𝑑𝑑3 = [n] 

1 3.27E+01 3.89E-05 6 
2 3.93E+01 3.60E-05 9 
3 3.60E+01 3.78E-05 9 
4 3.44E+01 3.94E-05 6 
5 3.77E+01 3.61E-05 7 
6 3.56E+01 3.80E-05 6 
7 3.68E+01 3.93E-05 6 
8 3.60E+01 3.98E-05 7 
9 3.27E+01 4.00E-05 9 

10 3.93E+01 3.62E-05 7 
11 3.52E+01 4.18E-05 6 
12 3.77E+01 3.87E-05 7 
13 4.09E+01 4.08E-05 9 
14 3.44E+01 3.87E-05 7 
15 4.26E+01 4.08E-05 6 
16 3.58E+01 3.87E-05 8 
17 3.81E+01 3.70E-05 7 
18 3.93E+01 3.55E-05 8 
19 3.76E+01 3.80E-05 7 
20 3.60E+01 3.92E-05 6 

 
3.5 Influence of model indices on experimental out-
comes 

The indices of models are the indicator of the be-

havior of the phenomenon, it indicate how the phe-

nomenon is affected because of the interaction of var-

ious independent 𝜋𝜋 terms in the model. The constants 

and indices of independent 𝜋𝜋 term are given in the 

Table 9. 

3.6 Model Analysis for the Dependent 𝝅𝝅 Term in 

Pesticide Application (𝝅𝝅𝐝𝐝𝐝𝐝) 
The model for the dependent 𝜋𝜋 term πd1 is as 

under 

πd1 = �𝑉𝑉𝑉𝑉
𝐻𝐻3
� =  725.604 × �𝐵𝐵𝐻𝐻𝑟𝑟𝑀𝑀𝑀𝑀

𝐷𝐷𝐿𝐿1𝜔𝜔𝜔𝜔
�
−0.0119

×

�𝐻𝐻𝑝𝑝𝐿𝐿
𝐻𝐻2
�
−0.1686

× [𝛼𝛼]0.2468 × �𝑉𝑉𝑉𝑉
𝐻𝐻3
�
3.8664

        (15) 

The following primary conclusion appears to be 
justified from the above model. 

The absolute index value of π1 is -0.0119 is related 
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to the geometry of robot is the least influencing term 
in this model. The value of this index term is negative. 
The negative index shows that π1 is inversely pro-
portional to πd1. 

The absolute index value of π2 is -0.1686. The term 

π2 is related to the plant is moderately influencing term 

in this model. The value of this index term is negative. 

The negative index indicate π2 is inversely propor-

tional to πd1. 

The absolute index value of π3 is second largest viz. 

0.2468. The term π3 is related to the sensor which sig-

nificantly influencing the dependent variable πd1 

term in this model. The positive index indicates that π3 

is directly proportional to πd1. 

The absolute index value of π4 is highest viz. 

3.8664. The term π4 is related to the pesticide volume 

is the most influencing term in this model. The positive 

index indicating that 𝜋𝜋4 is directly proportional πd1. 

3.7 Model Evaluation for the Dependent Pi Term in 
Plant Scan Time 

The model for the dependent pi term πd2 is as un-
der: 

πd2 = ��𝑔𝑔
𝐻𝐻
𝑡𝑡� =  1.691 × �𝐵𝐵𝐻𝐻𝑟𝑟𝑀𝑀𝑀𝑀

𝐷𝐷𝐿𝐿1𝜔𝜔𝜔𝜔
�
−0.2841

×

�𝐻𝐻𝑝𝑝𝐿𝐿
𝐻𝐻2 �

0.362
× [𝛼𝛼]0.3698 × �𝑉𝑉𝑉𝑉

𝐻𝐻3�
−0.9143

     (16) 

The absolute index value of π1 is lowest viz. -
0.2841. The term π1 is related to the geometry of robot 
is the least influencing term in this model. The value 
of this index term is negative. The negative index indi-
cates that π1 is inversely proportional to πd2.   

The absolute index value of π2 is third largest viz. 
0.362. The term π2 is related to the plant is the signif-
icantly influencing term in this model. The value of 
this index term is positive indicating 𝜋𝜋2 is directly 
proportional toπd2. 

The absolute index value of π3 is second largest viz. 
0.3698. The term π3 is related to the sensor is the sec-
ond most influencing term in this model. The value of 
this index term is positive indicating 𝜋𝜋3 is directly 

proportional to πd2. 
The absolute index value of π4 is -0.9143 is related 

to the pesticide quantity spread is the most influencing 
term in this model. The value of this index term is neg-
ative. The negative index π4 varies inversely with re-
spect to πd2.

  
Table 9 Constants and indices for response variables in robotic systems 

𝜋𝜋 term 𝜋𝜋d1 𝜋𝜋d2 𝜋𝜋d3 

K 725.604 1.69199 0.84800 

𝜋𝜋1 -0.0119 -0.2841 -0.0081 

𝜋𝜋2 -0.1686 0.362 0.2966 

𝜋𝜋3 0.2468 0.3698 -0.0259 

𝜋𝜋4 3.8664 -0.9143 -0.5265 
 

4 Discussion 

The research demonstrates that the application of 
robotic pesticide spraying enhances precision, reduces 
human exposure, and optimizes pesticide usage. The 
proposed mathematical model successfully integrates 
the Buckingham Pi theorem for dimensional analysis, 
allowing for a more generalized approach to modelling 
motion controll in agricultural robotics. The results 
validate the feasibility of using autonomous robotic 
sprayers to achieve efficient pesticide distribution 

while maintaining sustainability. 
The literature highlights significant advancements 

in agricultural automation, particularly in pesticide 
spraying robots. The integration of robotics, Artificial 
Intelligence, and control systems has improved the ef-
ficiency and precision of pesticide application while 
reducing human exposure to harmful chemicals. The 
Buckingham Pi theorem and dimensional analysis 
have proven valuable in simplifying complex interac-
tions and enhancing model generalization, particularly 
in machine learning and motion control applications. 
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However, challenges remain, particularly regarding 
the applicability of dimensional analysis across differ-
ent robotic systems and real-world agricultural settings. 
Most studies rely on simulated environments, necessi-
tating further validation through field experiments. Fu-
ture research should focus on refining mathematical 
models to accommodate varying agricultural condi-
tions, improving the adaptability of dimensionless 
methods for diverse robotic applications, and integrat-
ing machine learning techniques to enhance pest pre-
diction accuracy. Addressing these gaps will ensure 
more robust, efficient, and practical automated pesti-
cide spraying solutions for sustainable agriculture. It 
leads to substantial savings in pesticide usage by en-
suring precise and targeted application, thereby reduc-
ing chemical wastage and input costs. Second, automa-
tion minimizes the need for farm workers, which low-
ers operational expenses and addresses problem of 
workers shortages in the agricultural sector. Third, by 
optimizing spray uniformity and accuracy, robotic sys-
tems help improve plant health and yield, resulting in 
higher productivity and profitability for farmers. Addi-
tionally, intelligent control systems reduce over-spray-
ing and environmental contamination, leading to lower 
long-term costs associated with soil and water remedi-
ation. The enhanced efficiency and data-driven opera-
tion also support predictive maintenance and better re-
source management, further reducing downtime and 
maintenance costs. Overall, the adoption of intelligent 
robotic spraying systems contributes to cost efficiency, 
higher yield quality, and sustainable agricultural prac-
tices, making them a highly economically viable solu-
tion for modern farming 

5 Conclusion  

This study underscores the critical hazards posed 
by the extensive use of pesticides in agriculture, par-
ticularly for individuals directly involved in field oper-
ations, such as farmers and farmworkers. To mitigate 
these risks, a dimensionless model derived through the 
Buckingham Pi theorem is proposed to optimize pesti-
cide spraying techniques. This methodology is espe-
cially beneficial in the context of robotic systems used 

for cotton crop cultivation, as it integrates essential pa-
rameters including pesticide dosage and plant scan 
time. The proposed model, formulated using real-time 
data, facilitates a robust framework for enhancing the 
efficiency, accuracy, and safety of pesticide applica-
tion. By establishing predictive relationships between 
influential variables both dependent and independent 
the model enables comprehensive analysis of factors 
governing the spraying process. This predictive capa-
bility is instrumental in minimizing human exposure to 
harmful chemicals, thereby promoting a healthier agri-
cultural environment. Furthermore, the integration of 
this model into mobile robotic platforms supports the 
development of intelligent, adaptive spraying systems. 
Such systems not only optimize pesticide usage but 
also contribute to the creation of a safer and more effi-
cient working environment. The adoption of this inno-
vative approach is essential for advancing precision 
agriculture and safeguarding the well-being of agricul-
tural labourers. 
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