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Abstract—Traditional solvent based coatings generate a large
amount of volatile organic compounds during application,
which can cause secondary environmental pollution when
released into the atmosphere. However, the application
performance of water-based coatings is often not ideal. To
address these challenges, this study employs reinforcement
learning (RL) algorithms to optimize the formulation of
water-based coatings, parameterize the formulation process,
and create intelligent design models. The object detection
function in RL is used to identify key elements in water-based
paint formulations. By combining data analysis with RL
algorithms, the design process was optimized and key factors
affecting coating performance were identified. In order to
improve the corrosion resistance and high-temperature stability
of water-based coatings, an optimization model combining
neural networks with RL is proposed. Further optimize the
formulation process using orthogonal method. The RL
algorithm was used to customize and optimize the parameters
of water-based coating formulations, and the effectiveness of
these optimizations was verified through experiments.
Specifically, the resin derived from organic modified acrylic
acid is degreased and cleaned, maintaining a surface viscosity of
12 to 16 seconds at room temperature of 25 ©C. The viscosity
content of the coating exceeds 27%. The results indicate that
water-based coatings optimized by RL algorithm are not only
more environmentally friendly, but also exhibit excellent
performance, including enhanced corrosion resistance, high
temperature stability, coverage strength, impact strength, and
overall performance.

Index Terms—Reinforcement Learning, Water-based
Coatings, Paint Formulation, Performance Testing, Parameter
Optimization

I. INTRODUCTION

OATINGS have a history of over 4,000 years in China,

with vegetable oil serving as the primary component in
early formulations. These coatings are commonly referred to
as paints and have been in use for a long time [1]. In China,
the performance of coatings is defined as follows: Coatings
are materials applied to the surface of objects using various
processes. Once applied, they will form solid thin films with
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specific strength and resistance characteristics, providing
protection and decoration. The key components of coatings
include resins, solvents, pigments, and additives [2]. Resin
plays a crucial role in determining the basic performance of
coatings. Traditional coatings mainly rely on natural resins,
resulting in significant resource consumption and costs [3].
However, modern coatings utilize synthetic resins to improve
the efficiency and stability of formulations. Solvents
facilitate the dissolution and uniform distribution of resins
during the production process, including substances such as
water, inorganic compounds, and organic compounds [4].
Pigments help improve the heat resistance, coverage ability,
strength, and corrosion resistance of coatings, enabling them
to meet various performance requirements. Meanwhile,
additives are auxiliary substances added during the
production process to reduce defects and improve the
performance of the final product [5].

Traditional formula design methods often rely on
empirical methods and trial and error experiments, which are
not only inefficient but also fail to fully explore the vast
formula space. This limitation makes it challenging to
identify high-performance formulas in a timely manner.
Therefore, developing efficient and intelligent formulation
design methods has become a key area of research in coatings,
especially in addressing the complexity associated with
water-based coating formulations. RL is an advanced
machine learning technique that demonstrates enormous
potential in solving complex optimization problems due to its
powerful decision-making ability and adaptability. By
redefining the formulation design of water-based coatings as
a decision-making process within the RL framework, this
method utilizes the intelligent search function of RL to
quickly identify high-performance formulation combinations
in a wide formulation space. In addition, RL improves and
optimizes decision-making strategies through continuous
interaction with the environment (represented by coating
performance testing), thereby enhancing the efficiency and
accuracy of formulation design. Coatings can be classified
into various types based on their composition and form, such
as solvent based coatings, water-based coatings, and solid
coatings. Among them, water-based coatings have received
extensive research attention due to their unique properties
and formulation challenges. Most studies focus more on the
performance and formulation design of water-based coatings.
Water based coatings use water molecules as a medium
instead of organic solvents, and have become an important
component of industrial products [6]. Their use greatly
reduces the release of harmful substances and allows for the
use of low pollution additives, which have advantages over
traditional solvent based coatings. In addition to
environmental protection, water-based coatings also provide
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health benefits and reduce fire risks during the manufacturing
process by eliminating the use of flammable solvents, thereby
improving the safety of coating production. However, the
dependence on water as a dispersing medium brings certain
limitations. The high evaporation potential and surface
tension of water pose challenges to water-based coatings,
leading to specific drawbacks [7]. For example, water-based
coatings have lower construction tolerances and stricter
requirements  for environmental conditions  during
application. These coatings are highly sensitive to factors
such as temperature and humidity, thus requiring strict
material preparation standards. Therefore, compared to
solvent based coatings, water-based coatings have higher
formulation and application costs [8]. In addition,
water-based coatings often exhibit performance defects,
including poor corrosion resistance, limited temperature
resistance, and shortened service life. For example, most
water-based coatings have difficulty maintaining long-term
corrosion resistance in submerged or marine environments,
which is particularly evident in large-scale applications [9].
Similarly, the high temperature environment exacerbates
application challenges, making it difficult for water-based
coatings to achieve the performance level of solvent based
coatings. These limitations have prompted researchers to
explore advanced technologies such as intelligent algorithms
to optimize water-based coating formulations. These
methods aim to address performance deficiencies by
improving performance such as corrosion resistance,
temperature resistance, and durability.

Traditional coatings are mainly composed of solvents,
which account for over 50% of their composition [10].
Solvent based volatile organic compounds (VOCs) have a
high concentration and undergo photochemical reactions
when exposed to sunlight. These reactions allow volatile
organic compounds to enter the atmosphere, causing serious
environmental damage [11]. For example, ozone and
aldehydes produced in the lower atmosphere pose significant
risks to human health and the environment. With the rapid
development of industry, the use of coatings in modern
buildings is increasing, highlighting the necessity of
addressing environmental and safety issues related to
coatings [12]. Water based coatings are recognized for their
environmental friendliness, as they use water molecules as
transfer media, combined with resins and additives, to create
low-risk alternatives to traditional solvent based coatings
[13]. However, water-based coatings face significant
drawbacks, including easy evaporation, poor corrosion
resistance, low high temperature resistance, and long drying
time. Addressing these limitations has become a focus of
research [14]. RL is a prominent artificial intelligence (Al)
technology that has significant advantages in data processing,
analysis, and detection. Through continuous interaction with
the environment during data training, RL extracts insights
from experience and iteratively improves the model based on
this feedback [15]. Recently, the application of RL algorithm
in optimizing the formulation parameters of water-based
coatings has attracted widespread attention, triggering a
surge in research activities in this field. This study combines
the latest advances in RL and coating formulation
optimization to enhance its academic rigor and depth. For
example, Maity et al. analyzed the dynamics of unstable thin

liquid film flow on a porous stretched cylinder, providing key
mathematical modeling references and information for the
RL based optimization algorithm used in this study [16].
Similarly, the dynamic modeling method developed by
Suganya G and Senthamarai R in pest control research
provides valuable theoretical support for dynamically
controlling the coating performance of water-based coatings
[17]. In addition, Zuo H et al. introduced a hybrid approach
that combines extended tree enhanced naive Bayes classifiers
with generative adversarial networks (GANSs). Although their
research focuses on classification problems in machine
learning, their proposed GAN based approach provides
valuable perspectives for parameter tuning and optimization,
which are applied to the RL model used in this study [18].

Traditional data analysis and experiential learning
algorithms typically update parameters through random
extraction and calculate weight step sizes during the
interaction process, while ignoring the informational value of
interaction on learning. This limitation leads to low
reinforcement efficiency in learning [19]. However,
reinforcement learning algorithms have become a superior
solution among various technologies and are becoming
increasingly popular in various fields [20]. The development
of RL algorithms has a long history in the United States,
where they are widely applied in machine learning and
artificial intelligence to solve complex problems and
facilitate effective decision-making processes [21].
Researchers have determined that in the optimization process
of RL, the expected value of the solution can be accurately
estimated, thereby enabling more effective problem-solving.
Meanwhile, British researchers have demonstrated that
combining RL with neural networks can create virtual
models of images and videos, resulting in immersive
animation effects. Although neural networks enhance
dimension computation in RL, problems such as unreliable
computational fitting still exist [22]. To address this issue, the
separation of behavior and evaluation was introduced,
significantly reducing the instability of RL in data processing.
Based on these findings, reinforcement learning algorithms
have demonstrated the ability to optimize and adjust
parameters through periodic response learning without the
need to identify specific content in test data [23]. This method
is applied to optimize the formulation design of water-based
coatings, allowing for a deeper exploration of their potential.

This study introduces advanced artificial intelligence
technology RL to optimize the formulation of water-based
coatings. Developed and validated an intelligent optimization
model based on RL algorithm, enabling automatic
adjustment of key parameters in water-based coating
formulations. This method aims to improve the overall
coating performance, including corrosion resistance, high
temperature resistance, coverage strength, and impact
resistance. By effectively applying the RL algorithm to the
complex environment of water-based coating formulation
design, precise optimization of the formulation can be
achieved. The key issues addressed in this study include how
the RL model identifies and prioritizes key factors that affect
the performance of water-based coatings during the
optimization process.

The main contributions and innovations of this study are as
follows:
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(1) This study innovatively designed an advanced
optimization model that integrates neural networks and
reinforcement learning (RL). This model cleverly integrates
the excellent nonlinear data fitting characteristics of neural
networks with the intelligent decision-making and
optimization potential of reinforcement learning, opening up
a novel and efficient path for coating formulation
optimization.

(2) This study introduced the orthogonal experimental
design method. This method significantly reduces the
necessary number of tests through scientific experimental
arrangements, while ensuring the comprehensiveness and
representativeness of experimental data, laying a solid
foundation for quickly locating the optimal formula
combination.

(3) In the process of formula optimization, this study not
only focused on improving a single performance indicator,
but also conducted comprehensive performance tests on the
coating formula before and after optimization, covering
multiple key dimensions such as corrosion resistance, high
temperature resistance, coverage strength, and impact
resistance. This comprehensive and multi-scale evaluation
strategy not only verifies the effectiveness and stability of the
optimization scheme, but also greatly enhances the practical
application value and social influence of the research results.

Il.METHODS

A. Research on water-based coating formulation
performance based on RL object detection

Waterborne coating 1

Waterborne coating 2

Waterborne coating 3

Waterborne coating 4

20%

28% 45%
30%

Resin Pigment Solvent Additive

Fig. 1. Proportional importance of constituent elements in water-based
coatings

Water based coatings can be divided into two main types
based on their drying mechanism and internal components:
automatic drying and machine drying. Most water-based
coatings are composed of inorganic and organic compounds,
including acrylic acid, modified epoxy esters, and
water-based fluorocarbon compounds. Resin media play a

crucial role in determining the basic properties of
water-based coatings, influenced by the resin composition
and its interactions with solvents and pigments. Conduct
statistical analysis to evaluate the proportion importance of
key components (resin, solvent, pigment, and additive) in
water-based coatings. The results of this analysis are shown
in Fig. 1.

As shown in Fig. 1, four types of water-based coatings
were selected, each with a different proportion of internal
components. However, a common trend is that resin media
account for the largest proportion, followed by pigments,
solvents, and finally additives. According to existing
literature, water-based acrylic acid has good corrosion
resistance and is abundant in water-based alkyd resin
formulations. Some water-based coatings dry slowly but
have excellent performance after film formation, while others
have fast drying time and fast mechanical properties, but their
durability is moderate. These differences highlight how
changes in formula design can lead to different application
outcomes. The quality of water-based coating formula design
directly affects the service life and performance of the
coating after application. The formulation design process of
water-based coatings is similar to that of solvent based
coatings, but it also has its unique features in practical
applications. When optimizing formula design, several key
factors must be considered. Firstly, it is necessary to analyze
the relationship between the formulation of water-based
coatings and their expected applications. This includes
determining the performance requirements of the coating
based on the internal system of the product, as a guide for
formulation design. The original formula ratio will continue
to evolve to meet the needs of the covering body. Secondly,
selecting the appropriate proportion of resin, pigment, and
additive is crucial for controlling the performance of the
coating. After formulation, the design system should be
continuously improved through evaluation. Finally, the
complexity of the coating formula must be considered. Some
low complexity coatings do not require additives, while
others may only require a small amount of additives to
achieve the desired coating performance. Designing all
formulas based on high proportions and standards will
unnecessarily increase the cost of water-based coatings. In
addition, even for coatings with similar requirements and
types, there are significant differences in formulation ratios,
especially in the selection of other media. Therefore,
compared with solvent based coatings, the production
process and formulation design of water-based coatings are
more sensitive and complex. This study aims to optimize the
formulation design through a systematic approach, and
explore the factors that affect the performance of water-based
coatings by analyzing data and parameter changes.

The RL algorithm interacts with the analyzed object and its
surrounding environment to determine the most suitable
formula design through trial and error. By incorporating the
decision feedback from these interactions into the learning
model, the matching probability of the formula increases
when the target object receives positive incentives during the
matching process. On the contrary, if the target object
receives a negative penalty after completing the matching
feedback, the probability of choosing this formula will
decrease, thereby optimizing the design. In this process, the
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interaction between the target object and its environment
involves analyzing the rewards or punishments received in a
specific context, guiding the development of a model to
adjust its behavior. Based on this feedback, the formulation
design transitions from one state to another and continuously
receives performance feedback, optimizing to achieve the
highest performance of water-based coatings. RL uses
Markov decision processes to determine the state of the target
before and after an action. The process is shown in equation
().
P(St+l | StSt+lst—2"'SO) = P(St+l | St) (1)

The random calculation process is represented by a
combination of elements, where all sets represent the target
state. All possible actions of the target formula are integrated
together, and the reward function provides incentives in the
formula optimization environment, promoting data
transmission and computation in the conventional
environment. Starting from a certain point, select transition
probability for strategy determination, and then provide
environmental feedback. The cumulative probability of the
target object is represented by equation (2):
R=2 5t @

In equation (2), T represents the time step or total time
range, represents the number of cycles in which the algorithm
makes decisions and receives feedback, and S represents the
state space that contains all possible states. In RL, agents are
in a specific state at each time step and make decisions based
on that state. In addition, T is used to represent the current
time step or iteration count. During algorithm execution, t
starts from an initial value (such as 0 or 1) and increases at
each iteration until the predetermined termination condition
is reached. R is a reward function that guides the learning
process of intelligent agents by optimizing their behavior to
achieve higher cumulative rewards.

The parameter ' €[0,1] represents the impact of future

feedback. The decrease in the influence coefficient is
calculated and integrated into the mathematical convergence
process to yield the final result. Upon completion of the
expected value of a state, it is termed the total value. This
decision value can be expressed in functional form, denoted
as Eq. (3):
V(s) =EIR + 7y +7°Fup +.] 8 =53] 3)
In Eq. (3), V (s) represents the value function or expected
value at state s. E[...| S=s=s denotes the expected value of the
expression in square brackets, conditioned on state s being
the current state. The expected value is the weighted average
of all possible values of a random variable, specifically
referring to the expected cumulative value of a series of
rewards and states in the future under state s. r represents the
immediate reward obtained after performing an action in
state s. The terms Yr+1, yr+2... represent the values
associated with states or actions at various time steps (t+1,
t+2,...) after state s. The symbol y is used universally to

represent the evaluation values corresponding to these

subsequent states or actions. The recursive process is derived

from the definition of the value function:

V(s) =E[r + V(s s =s] (4)
In Eq. (4), V (s) refers to the state value function,

representing the expected return (i.e., cumulative sum of

future rewards) that can be obtained by following a certain
strategy in state s; Q(s, a) is the action value function,
representing the expected return obtainable by performing
action a in state s and then following a specific strategy; r
denotes the immediate reward received after executing action
ainstate s; S' or s+1 represents the transition from the current
state s to a new state, typically due to the execution of action
a; EJ[...] is the expectation operator, used to calculate the
average or expected value of a random variable, typically to
determine expected returns in RL; y is the discount factor, a
value between 0 and 1, used to discount future rewards when
calculating expected returns. It reflects the relative
importance of future rewards compared to current rewards.
The update of the value function and gradient calculation
are dynamically updated, with the formula design requiring a
basic function value to estimate the action state. The
effectiveness of RL algorithms is evident in this calculation
process. Even if the target data sample size is large, the
output probability distribution can be accurately determined
in the experience pool. The determination formula for
network parameters and data update loss is as follows:

L@O) =1 (v —Q(s.,a;0))° (5)
y, =r,d, =True (6)
y, =r +ymax,,Q(s,,a,6)d, = False (7

In this context, L(6) is the loss function, commonly used to
measure the discrepancy between the predicted and actual
values of a model. In RL, it evaluates the difference between
the estimated Q-value under the current strategy and the
actual Q-value obtained via sampling. 6 represents the
network parameters, optimized during training by
minimizing the loss function. Q(s, a, ) is the action value
function, representing the expected return from executing
action a in a given state s, with the strategy corresponding to
the current parameter 6. Here, 6 is explicitly included in the
Q-function to indicate that it is parameterized, meaning the
form of the Q-function depends on the network parameters. y;
is a target value used to guide the update of the Q-function
during training. It is calculated based on the current
immediate reward r, the Q-value for the optimal action in the
next state s' (i.e. ymaxa Q(s, a'; #)), and a logical variable d
indicating whether the termination state has been reached.
The target data parameters 6, obtained via iterative loss
updates, are defined by the following optimization formula
for RL to express the expected reward across all states:
Q(s;,a) =RIK +ur, +u’r, +...]s,a] 8)

In Eq. (8), Q(t, a) is the action value function, also known
as the Q-function, representing the expected reward (or
"value") achievable through a particular strategy after
performing action a in a given state t. S is the current state; a
is the current action; r is the immediate reward; y is the
discount factor; s is the next state. This formula reflects the
basic RL principle: selecting the optimal action in a given
state to maximize the sum of future discounted rewards. By
combining a simple gradient strategy to optimize the function
and learning mechanisms to increase matching probability,
the corresponding formula scheme is selected through the
policy gradient function in the training data, and the learned
parameters are updated according to the reward mechanism.
The formula for defining a strategy is as follows:

Volume 52, Issue 5, May 2025, Pages 1533-1544



TAENG International Journal of Computer Science

h(s,.a,,0) =o' (5., )

In Eg. (9), h(s, a, 0) is a function that takes three
parameters: state s, action a, and a fixed value o, which may
also represent a more complex set of constants or parameters.
The output of this function is often associated with a specific
property or response of the system or environment resulting
from performing action a in a given state s. Within the
context of RL, this function typically relates to evaluating the
performance of a particular strategy. The term state refers to
the configuration or condition of a system or environment at a
specific moment. In RL, the agent observes the current state
to decide on the next action. An action is a behavior or
decision that an intelligent agent can execute while in a given
state, with the primary objective being to maximize future
rewards or achieve a predefined goal. In the equation, the
term refers to the "target state object,” a key component that
interacts dynamically with the function to influence the
optimization process. In Eq. (9), the term (s,,a,) represents

the target state object. The random strategy can be expressed
Eg. (10).

e"(s,,b,0)
>,e"(s.,b,0)

In Eq. (10), St represents the state at time point t; b is a
parameter associated with the function, the specific meaning
of which depends on the function's context; o acts as a
placeholder or a fixed constant/parameter, and in this context,
it might not directly contribute to the calculation of the e"
function. Instead, it could represent a simplified expression
or set of variables. The policy function z(a | s; #) isa common

z(als;0) = (10)

representation of a policy function, where z represents the
policy, a is the action chosen in state s, and 0 represents the
parameters of the policy function. The summation symbol ),
indicates the aggregation of elements within a sequence or set.
The function e"(s, b, o) is associated with summation
operations, with s, b, and o retaining the same definitions as
previously outlined. The overarching aim is to incorporate as
many relevant functions as possible into training and learning
processes to achieve a comprehensive improvement in
strategy performance. To further analyze factors influencing
the performance of water-based coatings, RL is applied to
object detection. Traditional object detection methods often
rely on allocation algorithms to determine optimal solutions
based on time complexity. While these methods are relatively
easy to execute, they frequently suffer from accuracy loss,
particularly in scenarios involving large-scale data
processing. As algorithmic complexity escalates with
increased data volumes, significant computational resources
are consumed, making model optimization more challenging.
In contrast, RL is capable of sustaining stable monitoring
calculations even with dynamic and large datasets. It offers
distinct advantages in both efficiency and accuracy. The RL
structure and object detection process are outlined in Fig. 2.

As illustrated in Fig. 2, detection performance is
maintained while filters are employed to enhance the
detection speed of the RL model. The system integrates
multi-objective state estimation, allocation matrices, and
neural network algorithms to optimize overall application
effectiveness.

Target body el + T
Data acquisition Ex}ernal
Action judgment evironment
Observing Detection | | Repeat | |Strengthen
— —P| Muti-target ) Cost EN
detection allocation
Simulation data Wave filter Strengthening
extraction the network
Target state & Filter
estimation update <

Fig. 2. RL structure and object detection process
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Fig. 3. Comparison of influence coefficients

B. Influence of data-driven additives on the performance of
water-based coatings

Currently, most coatings used for materials are solvent
based, which poses significant environmental issues. These
coatings not only harm the surrounding environment, but also
pose a safety hazard to human health. In contrast,
water-based coatings have enormous potential for
development as a sustainable alternative to the protective
coating industry. Although water-based coatings have high
environmental compatibility, there are certain limitations in
terms of corrosion resistance, high temperature resistance,
water resistance, and other properties, which limit their wider
application and adoption. Waterborne coatings are usually
composed of lotion resins, additives, pigments and other
substances. The formulations of these coatings vary
depending on specific performance requirements. Due to the
complex internal composition of water-based coatings,
optimizing  component  combinations to  achieve

high-performance materials remains a key research challenge.

The traditional optimization methods for water-based coating
formulations typically rely on methods such as linear
regression and nonlinear regression to establish mathematical
models related to coating performance indicators. Then, these
models are used to optimize the formula based on the
calculated data. However, the complex dynamic relationship
between a large amount of data and water-based coating
constraints results in low accuracy of the model and limited
applicability in scheme generation. To solve this problem,
data analysis methods are used to determine the influence
coefficients of key components such as resin, pigment, and
additives on the performance of water-based coatings. Fig. 3
illustrates these relationships.

As shown in Fig. 3, the structure of resin material plays a
crucial role in the performance of water-based coatings. The
film-forming speed and method of these resins significantly
affect the coverage and adhesion performance of coatings,

resulting in a significant increase in their coefficient of
influence. Considering the use of water molecules as
dispersion media, selecting low-density resin materials is
crucial to ensure stable film formation and enhance
hydrophilicity in aqueous environments. The second major
influencing factor is pigments. Pigments contribute to the
auxiliary functions of water-based coatings, such as
improving performance when interacting with substrate
surfaces. However, the coefficient of influence of pigments is
variable as it depends on the specific functional requirements
of the coating. In addition to resins and pigments, the drying
rate also plays a crucial role in the film-forming process of
water-based coatings. As the temperature increases, the
viscosity of the coating decreases, affecting the drying
process. The drying speed in turn affects the film-forming
density, which is a key performance indicator in coating
production. In order to optimize the formulation of
water-based coatings, various influencing factors were
integrated into the RL optimization model. By adjusting
dynamic performance and other indicators to control
parameter variables, the quality of the formulation can be
evaluated. The dynamic state is incorporated into the
calculation as a reward function, and the formula generation
process is refined through regular online learning and
gradient updates. This method achieves parameter
customization and automatic optimization, effectively
solving the challenges of formula design. The problem of
parameter customization and optimization is represented by
inequality constraints as follows:
o(X)<Q,
Q = tr(X)Qz
t.(X) < Q,
In Eqg. (11), Q represents a constraint value or upper bound,

which limits the threshold that the result of the variable X,
processed by a specific function, should not exceed. This

(11)
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value Q dynamically adjusts based on specific conditions. X
denotes a parameter variable subject to optimization, while
o(X) specifies the permissible range for the parameter

variables and represents the constraint values imposed during
optimization. The algorithm incorporates these elements into
the reward function, defined as follows:
R(X) = -
S(X)* +1,(X)* +1,(X)°
X=a-VX+o (13)
Here, X is a vector or matrix representing the result of the
parameter variables undergoing optimization. The value of X
is calculated by multiplying the constant a with the matrix
VX and adding another constant term o. The constant a is a
scalar used to scale the matrix VX in the multiplication
process. The matrix VX represents a transformation or
mapping function that converts an input vector (or matrix)
into an output vector (or matrix). To enhance the
effectiveness of global parameter optimization, a noise
removal mechanism is introduced during the custom training
process of the RL model. This mechanism improves the
reliability of the calculated results. The formula for
incorporating the noise removal steps is defined as follows:
Qe __K
ue) (Ms+1
H(s) _ KK,
ue) (Ms+1(T,s+2)
Here, Q(s) is a function or value associated with state s,
usually used in RL to represent the optimal action-value
function in that state. Specifically, it denotes the maximum
expected reward achievable by performing a particular action
in state s. While the exact definition may vary based on the
context, it is generally understood as a quantity closely tied to
s, which is an optimization objective or evaluation metric.
U(s, (T1s+1)) is the value of a certain quantity U in state sata
specific time series Ts+1. It reflects a cumulative utility, cost,
or error that evolves over time or as iterations progress. Here,
Tis denotes a current time step or iteration, while Tis+1
corresponds to the next.

H(s) represents a performance metric or condition
associated with state s. Ky and K are constants independent
of s or the time step Ts. These coefficients play a critical role
in the calculation of U(s, (T1s+1)) or related terms, typically
used to adjust the relative importance of various components.
The term (Tis+1) (Tos+2) is employed in the computation of
U(s, (T1s+1)) , incorporating information from two distinct
time steps, Tis+1 and T,s+2. Based on the provided formula,
the RL optimization model produces parameter adjustments
after training. When integrated with diverse performance
requirements for water-based coatings, the model is capable
of autonomously generating an optimal formulation design
scheme.

(12)

(14)
(15)

Lal-r+s)

I1l. RESULTS AND DISCUSSION

A. Analysis of research results on water-based coating
formulation performance using RL-based object detection

In the formulation design system of water-based coatings,
the first step is to understand the expected application
environment and usage requirements. This includes
identifying the main factors that affect performance.

According to various usage conditions and environmental
requirements, this formula contains different structures,
film-forming substances, pigments, additives, and other

components. These are customized through specific
film-forming methods to demonstrate the required
characteristics of water-based coatings. This study

emphasizes the corrosion resistance and high temperature
resistance of water-based coatings. Modified acrylic acid is
the main resin material, and other materials have been added
to develop the formula. RL is used to optimize the detection
process of other parameters by integrating influencing factors
as control variables into the training model. Randomly
implement various material combination strategies and
introduce reward and punishment functions at each training
stage. This method increases the likelihood of successful
formulation design for water-based coatings. To evaluate the
reliability of the proposed method, a comparison was made
between traditional data detection models and RL based
detection models. The comparison results are shown in Fig.
4,

As shown in Fig. 4, the performance of water-based
coatings is significantly influenced by the material ratio data.
With the inclusion of a large volume of data, the detection
efficiency of conventional data detection models decreases
substantially. In contrast, the RL algorithm used in this study
demonstrates superior efficiency in detecting key objects,
providing reliable data support for the design of water-based
coating formulations. The resin, constructed with organic
modified acrylic acid, was degreased and cleaned, with the
coating's surface viscosity maintained at room temperature
(25<C) for 12 to 16 seconds. The viscosity content of the
coating exceeded 27%, ensuring an adequate coating
thickness.

To evaluate the effectiveness of RL technology, we
conducted comparative experiments with traditional data
detection models. As shown in Fig. 4, with the increase of
data volume, traditional detection models are difficult to
handle complex formula data [24], resulting in a significant
decrease in detection efficiency. In contrast, due to its
advanced decision-making ability and adaptability, RL
algorithms exhibit higher efficiency and accuracy in
detecting key objects. These findings indicate that RL
technology has great potential in optimizing water-based
coating formulations. Further analysis was conducted on the
molecular structure of organic modified acrylic resin and its
impact on coating properties [25]. As shown in Fig. 5, a
mixture of hydroxyl silicone oil (molecular weight 300-5000)
and methyl silicone oil (molecular weight 0-2000) is mixed
with methyl acrylic acid to produce a silicone modified
acrylic resin coating with a unique chemical structure. This
modified resin coating retains the beneficial properties of
acrylic resin, while improving its weather resistance, wear
resistance, and stain resistance by incorporating silicone oil.
Specifically, the hydroxyl groups in hydroxyl silicone oil
react with carboxyl or ester groups on the acrylic molecular
chain to form stable chemical bonds, enhancing the cohesion
and adhesion of the coating [26]. Methyl silicone oil has low
surface tension and excellent lubricity, which can reduce the
surface energy of coatings and improve their water resistance
and stain resistance. The chemical structure of the two
molecules and the resulting coating are shown in Fig. 5.
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Fig. 4. Comparison of testing efficiency between two technologies

Fig. 5. Chemical molecular structure of coatings

The experiment revealed that the total proportion of
silicone oil in the resin should not exceed 15%, as higher
concentrations lead to solvent incompatibility. Additionally,
increasing the proportion of methacrylic acid results in
smaller particle sizes for the coating, and the finished product
tends to exhibit a semi-transparent color. These findings

establish the foundation for preparing water-based coatings
with high stability, providing a basis for adjusting the
formulation proportions in subsequent experiments. Building
on the initial preparation, the following subsection focuses on
exploring the impact of the mixing ratio of water, pigments,
additives, and other substances on the corrosion resistance
and high-temperature resistance of water-based coatings.

In order to more intuitively demonstrate the differences in
data processing efficiency and accuracy between RL
technology and traditional data detection models, we
conducted a detailed statistical analysis and drew the
following chart:

TABLE |
COMPARISON OF DATA PROCESSING EFFICIENCY AND ACCURACY
Traditional RL
Data Detection Algorithm ~ Aceuracy of - Accuracy of
. Traditional RL
Volume Model Processing . -
. . Detection Algorithm
(GB) Processing Time Models (%) (%)
Time (hours) (hours) o 0
1 25 1.2 90 95
5 12.8 35 85 98
10 28.6 6.0 80 99
TABLE Il

EFFECT OF FORMULA PROPORTION ON CORROSION RESISTANCE AND HIGH
TEMPERATURE RESISTANCE OF COATINGS

. . . High
Water Pigment Additive Corrosion
Content Content Content Resistance Tsrer;pi);;eﬁg;e
(%) (%) (%) (Rating) Q)
10 15 5 4 120
15 10 8 5 130
20 5 10 3 110

From Table I, it can be seen that as the amount of data
increases, the processing time of traditional detection models
significantly increases, while the processing time of RL
algorithms increases relatively slowly. At the same time, RL
algorithms have shown significant advantages in accuracy,
especially in the case of large amounts of data.

On the basis of preliminary preparation of organosilicon
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modified acrylic resin coatings, we further investigated the
influence of the mixing ratio of water, pigments, additives,
and other substances on the corrosion resistance and high
temperature resistance of water-based coatings. The
following is a chart display of some experimental results:

From Table II, it can be seen that the content of water,
pigments, and additives has a significant impact on the
corrosion resistance and high temperature resistance of the
coating. By adjusting the formula ratio, we can obtain
water-based coatings with excellent corrosion resistance and
high temperature resistance.

B. Research results analysis of water-based coating
formulation design model based on RL optimization

The formulation design of water-based coatings involves
various components, including resins, polyvinyl chloride
(PVC) values, pigments, and additives. The detection of resin
properties requires a reliable and high-precision system. In
this study, RL algorithm was used to detect targets and ensure
the reliability and accuracy of the results. The selection of
additives is crucial, as different additives can cause
significant performance changes in the same resin matrix. In
order to achieve high anti-corrosion performance in
water-based coatings, it is necessary to reduce the PVC value
in the formula and consider the compatibility between
additives and pigments. In addition, the interaction between
additives can affect the overall state of the coating. To
enhance compatibility, material wetting agents and balancing
agents are added to the formula. In traditional formula design,
changing one material can affect the concentration of other
ingredients. The formula design process was optimized based
on RL, and the performance of water-based coatings was
improved by automatically adjusting parameters during the
reinforcement training process. Fig. 6 shows the changes in
corrosion resistance and high temperature resistance of
water-based coatings before and after RL optimization.

Fig. 6 shows that compared to the pre optimized formula,
the water-based coating formula optimized through RL
training exhibits significantly enhanced corrosion resistance
and high temperature resistance. In pigment selection, in
addition to the stability of water-based coatings, factors such
as dispersibility and coverage must also be considered.
Emphasis should be placed on extending the service life of
these coatings during use.

In order to further verify the experimental results, the
service life of water-based coatings was tested, as shown in
Fig. 7. Fig. 7 shows that compared to unoptimized coatings,
RL optimized water-based coating formulations have a
longer service life, especially in high temperature and
corrosive marine environments. This highlights that the
scientific and systematic formulation design of water-based
coatings directly affects the effectiveness and durability of
coating coverage.

Table 1l shows a comparison of the performance of
water-based coatings before and after optimization. The
optimized formula (B) is significantly better than the
unoptimized formula (A) in terms of corrosion resistance,
high temperature resistance, and viscosity stability.
Specifically, the corrosion resistance in the salt spray test
increased from 300 hours in formula A to 600 hours in
formula B, while the high temperature resistance increased

from 200 hours to 400 hours. In addition, the viscosity
stability increased from 10-12 seconds to 12-16 seconds, and
the coverage rate of formulation B increased from 85% to
90%, indicating better uniformity and adhesion of the
coating.
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Fig. 6. Comparison of anti-corrosion and high-temperature resistance
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Fig. 7. Service life testing of two water-based coatings
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TABLEIII
COMPARISON OF WATER-BASED COATING PERFORMANCE BEFORE AND AFTER OPTIMIZATION

Formulation 1D Resin Type Pigment Additive Corrosion Resistance High-Temperature Viscosity Coverage
Ratio Type (Salt Spray Test, Resistance (60<C, Hours) Stability (25<C, Rate (%)
Hours) Seconds)
Formulation A Modified 25% Surfactant 300 200 10-12 85%
(Unoptimized) Acrylic Resin
Formulation B Modified 20% Surfactant 600 400 12-16 90%
(Optimized) Acrylic Resin
TABLE IV

IMPACT OF PARAMETER ADJUSTMENTS ON COATING PERFORMANCE DURING OPTIMIZATION

Formulation ID Resin Type  Pigment Additive Initial Additive Optimized Corrosion High-Temperature
Ratio Type Viscosity Ratio (%) Viscosity Resistance Resistance
(mPa s) (mPa s) Improvement Improvement (Hours)
(Hours)

Formulation A Modified 25% Surfactant 500 5% 450 300 200
(Unoptimized) Acrylic

Resin
Formulation B Modified 20% Surfactant 480 7% 460 600 400

(Optimized) Acrylic
Resin
TABLEV

COMPARISON OF WATER-BASED COATING PERFORMANCE UNDER DIFFERENT OPTIMIZATION METHODS

Optimization Method Corrosion Resistance High-Temperature Surface Viscosity Coating Thickness Coverage
(Salt Spray Test, Hours) Resistance (180<C, Hours) Stability (25<C, Uniformity (%) Rate (cm=
Seconds)
Traditional Experimental 120 100 10 85 120
Design Optimization
RL Optimization 200 160 14 95 150
Patti et al. [27] 130 110 12 88 125
Zhong et al. [28] 140 120 13 90 130

Table 1V further illustrates the impact of parameter
adjustments on coating performance during the optimization
process. By increasing the proportion of surfactants from 5%
to 7%, the viscosity of the coating decreased from 500
mPa -s to 480 mPa - s, indicating an improvement in
flowability after viscosity optimization. Regarding corrosion
resistance, Formula B has improved by 300 hours compared
to Formula A, while its high temperature resistance has
increased by 200 hours. The proportion of resin and additives
was optimized through RL algorithm, ensuring the long-term
stability and reliability of the coating in practical
applications.

The research results in Tables Il and IV indicate that
formula adjustment and automatic optimization using RL
significantly improve the performance of water-based
coatings. It is worth noting that its corrosion resistance, high
temperature resistance, and viscosity stability exceed those of
unoptimized formulations. These results validate the
effectiveness and potential of RL in optimizing water-based
coating formulations.

C. Discussion

This study optimized the formulation design of
water-based coatings using RL and introduced an
optimization model that combines neural networks with RL
technology. In addition, applying the orthogonal method to
the formulation process significantly improved the
performance of the coating in terms of corrosion resistance,
high temperature resistance, and coverage strength. To verify
the effectiveness of the proposed method, comparative
experiments were conducted on optimized and non optimized
coatings under various environmental conditions. The results
indicate that the optimized coating outperforms traditional
designed coatings in terms of performance and service life.

Table V shows a comparison of the performance of
water-based coatings using different optimization methods.
The RL optimization method proposed in this study has
substantial advantages over traditional experimental design
methods in multiple performance indicators. It is worth
noting that the corrosion resistance measured through salt
spray testing has significantly improved, increasing from 120
hours using traditional experimental design methods to 200
hours using RL optimization, an increase of 66.7%. Similarly,
the high-temperature resistance of the optimized coating
increased by 60% from 100 hours to 160 hours. The surface
viscosity stability also showed significant improvement,
rising from 10 seconds to 14 seconds, while the coating
thickness uniformity increased from 85% to 95%. These
advances indicate that RL optimization not only improves the
physical and chemical stability of coatings, but also ensures
better application uniformity.

This analysis examines the advantages, innovations, and
limitations of this study in comparison to existing research.
Firstly, regarding the design of traditional coating
formulations, Patti et al. studied the basic optimization
strategies for water-based coatings. They used experimental
design methods to study the interaction between additives
and resins and their impact on coating performance [27].
Their findings indicate that adjusting the proportion of
additives can improve the durability of coatings. However,
their method heavily relies on a large amount of experimental
data, which makes it both expensive and inefficient. In
contrast, this study utilized RL to automatically adjust
parameter ratios. By combining reward and punishment
functions, the need for large-scale experimental validation is
minimized to the greatest extent possible, significantly
improving optimization efficiency. Secondly, in terms of
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improving corrosion resistance, Zhong et al. explored
organosilicon  moadification technology, synthesizing
organosilicon modified resins through copolymerization of
hydroxy silicone oil and methyl methacrylate. Their work has
demonstrated the effectiveness of this method in improving
durability and adhesion [28]. However, their research lacks
systematic exploration of component ratios and mainly relies
on empirical adjustments. Based on their findings, this study
applied RL algorithm to automatically adjust the proportion
of silicone and optimize the overall formula. The results
indicate that while solving the solvent incompatibility
problem related to high silicone content, the corrosion
resistance has been significantly improved. Thirdly, in the
optimization of high temperature resistance performance,
Zhang et al. used molecular dynamics simulations to study
the relationship between molecular structure and coating
properties. They found that viscosity stability is a key factor
affecting the service life of coatings under high temperature
conditions [29]. This study further validated these findings by
optimizing key formulation parameters, such as the ratio of
methyl silicone oil to methyl methacrylate, using RL
algorithm. The optimized water-based coating exhibits better
viscosity stability (12-16 seconds) and consistent coating
thickness at 25 < C, thereby improving high temperature
resistance. Despite its advantages, this study also has certain
limitations. For example, the initial parameter settings of RL
models can significantly affect the optimization results, and
further research is needed to determine the optimal initial
parameters. In addition, the training process of RL models
heavily relies on high-quality input data. Challenges related
to insufficient data or noise remain unresolved, which may
limit the generalizability of the model in real-world
applications.

In summary, this study effectively combines RL algorithm
with data-driven methods, providing a systematic and
effective approach for optimizing water-based coatings.
Compared to previous studies, its performance has
significantly improved. Although there are still areas for
improvement, these findings provide valuable insights and
technical support for the design of high-performance
water-based coatings.

IV. CONCLUSIONS

This study marks a pioneering effort in applying RL
algorithms to optimize water-based coating formulations. By
utilizing intelligent design models, this study systematically
parameterized and optimized the composition of these
coatings. Traditional methods such as regression analysis and
traditional mathematical modeling techniques have been
used for formula adjustment. However, these methods are
often insufficient to address the inherent complexity of
coating composition and the non-linear relationship between
formulation parameters and performance results. Therefore,
their accuracy is limited, and the resulting formulas are often
not optimal. The RL based optimization model introduced in
this study combines innovative mechanisms, including
reward functions, dynamic state updates, and regular online
learning. These features enable the model to adaptively adjust
and automatically optimize within a complex recipe space,
significantly improving accuracy and efficiency. By applying
the RL algorithm, the model dynamically determines the

influence coefficients of each component in the formula. This
method has achieved substantial improvements in key
performance indicators such as corrosion resistance and
high-temperature durability. This study further combines
neural networks with reinforcement learning, enhancing the
model's adaptability and predictive ability when dealing with
complex datasets. The experimental results highlight the
excellent performance, stability, and durability of RL
optimized water-based coatings, especially in challenging
environments under high temperature and corrosive
conditions. These findings not only provide a new way to
improve the performance of water-based coatings, but also
lay a solid theoretical foundation for the advancement of
future intelligent coating designs. The unique contribution of
this research lies in its successful integration of artificial
intelligence technology into the coatings industry. This
advancement simplifies and improves the automation and
efficiency of water-based coating formulation optimization,
representing a transformative step in intelligent and
high-performance design of coatings. This work has
enormous potential for practical application and widespread
adoption, marking a key milestone in the development of
intelligent material design.
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