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Abstract: A collaborative optimization method for the sintering schedule of ternary cathode materials was proposed 
under microscopic coupling constraints. An oxygen vacancy concentration prediction model based on microscopic 
thermodynamics and a growth kinetics model based on neural networks were established. Then, optimization 
formulations were constructed in three stages to obtain an optimal sintering schedule that minimized energy 
consumption for different requirements. Simulations demonstrate that the models accurately predict the oxygen vacancy 
concentrations and grain size, with root mean square errors of approximately 5% and 3%, respectively. Furthermore, the 
optimized sintering schedule not only meets the required quality standards but also reduces sintering time by 12.31% 
and keeping temperature by 11.96%. This research provides new insights and methods for the preparation of ternary 
cathode materials. 
Key words: ternary cathode materials; microscopic thermodynamics; oxygen vacancy concentration; grain growth; 
sintering schedule optimization 
                                                                                                             

 
 
1 Introduction 
 

New energy vehicles play a crucial role in the 
global new energy industry [1,2]. Ternary cathode 
materials, as the core components of lithium-ion 
batteries in these vehicles, are essential for 
enhancing battery energy density and cycle stability 
[3,4]. However, the sealed preparation process 
hinders the monitoring of intermediate states,  
which are critical for ensuring product quality. 
Additionally, manually setting the sintering 
schedule is time-consuming and can lead to high 
energy consumption, resulting in low preparation 
efficiency. Therefore, in-depth research on the 
intermediate variables of ternary cathode materials 
and optimization of the sintering schedule is 
significant for improving preparation efficiency and 

reducing energy consumption. 
Currently, much research focuses on predicting 

the performance indicators of the finished products, 
such as residual lithium, specific surface area, and 
particle size [5,6]. Among these, oxygen vacancy 
concentration and grain size are two key indicators 
that significantly affect electrical conductivity and 
chemical stability [7−10]. Existing studies have 
explored the relationship between oxygen vacancy 
concentration and Li-ion diffusion rate [11−13], as 
well as grain growth at various sintering temperatures 
and durations [14,15]. Mechanism models are 
frequently used to track grain evolution [16]; 
however, these approaches primarily depend on 
manual experimentation, and the impact of the 
sintering schedule on these processes has not been 
fully examined. Data-driven methods have become 
increasingly popular in material research for predicting 
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product microstructural performance [17−19], nano 
particle detection [20] and similar applications [21]. 
To track complex evolutionary processes, CHEN  
et al [22] proposed a multi-particle cellular automaton 
model and predicted the Li/Ni mixing parameters  
of the product. A multi-dimensional cellular 
automaton has also been established to describe the 
dynamic evolution of grain structures [23,24]. 
PINEAU et al [25] developed a three-dimensional 
cellular automaton method to simulate the 
dynamics of crystal faces, the formation of grooves 
at grain boundaries and the paired growth of grains. 
Nonetheless, these studies rarely consider an 
in-depth analysis of intermediate grain growth 
during the micro-reaction processes of ternary 
cathode materials. 

The sintering schedule not only determines the 
microstructure and macroscopic performance of the 
material but also directly impacts the energy 
efficiency of the entire process. To achieve an 
optimal sintering schedule, it is essential to 
formulate an appropriate optimization framework 
based on key micro-performance indicators. 
Research on optimizing process parameters has 
been conducted in various industrial fields [26−28], 
including coke sintering [29], and aluminum part 
preparation [30], with the aim of enhancing product 
quality and production efficiency. TIWARI et al [31] 
identified optimal alloy process parameters 
targeting specific energy consumption, relative 
density, and surface roughness. While these studies 
primarily focus on macroscopic performance, 
microscopic indicators are equally vital, with some 
research delving into aspects such as porosity and 
micro-hardness [32]. In the case of ternary cathode 
materials, relevant research has not yet been 
explored in depth. The optimization of the sintering 
schedule should not only prioritize final product 
performance but also account for intermediate 
microscopic changes, considering both energy 
consumption and performance metrics. Therefore, it 
is crucial to develop a new perspective for 
constructing an optimization model that 
comprehensively integrates multiple factors. 

To address the above issues, in this work, a 
collaborative optimization method for the sintering 
schedule of ternary cathode materials was proposed 
under microscopic coupling constraints. Then, a 
sintering schedule optimization method for ternary 
cathode materials is developed. Compared to our 

previous work [22], this study primarily focuses on 
segmenting the reactions during the heating stage 
and establishing a model for the microscopic 
particle evolution. This work laid the foundation for 
understanding the behavior of materials at different 
temperatures. However, it mainly focused on the 
heating stage and a few microscopic indicators, 
which were insufficient to guide the entire reaction 
process. Therefore, based on this, our study places 
greater emphasis on two key indicators: the oxygen 
vacancy concentration during the oxidation phase 
and the grain size during the temperature-keeping 
stage of ternary cathode materials, providing a more 
comprehensive description of the material evolution. 
Additionally, research on the development of 
sintering schedule is currently limited, leading to 
significant room for improvement in existing 
sintering plans. Existing studies generally fail to 
fully consider the impact of each reaction stage and 
its combined effect on sintering efficiency. Given 
that energy consumption is a critical factor in 
industrial processes, systematic analysis and 
discussion of sintering schedule optimization are 
conducted based on the models established. The 
method proposed in this study not only addresses 
the shortcomings of current sintering schedules but 
also provides new insights for future research in 
related fields. While optimizing the sintering 
process, this study is significant in improving 
material performance and reducing production  
costs, thus contributing to the practical application 
and sustainable development of ternary cathode 
materials. The main contributions of this work can 
be summarized as follows. (1) By combining 
experimental data with reaction mechanisms, the 
dynamic evolution of phase, structure, and 
morphology during the sintering process of ternary 
cathode materials is revealed. This differs from the 
study in Ref. [22], which primarily focuses on 
particle and structural variations. (2) This work 
proposes a thermodynamic-based prediction 
method for the oxygen vacancy concentration and a 
hybrid modeling approach that combines 
mechanism and data-driven methods for the grain 
growth process, capturing the structural and 
morphological evolution characteristics of the 
material. (3) A method for optimizing the sintering 
schedule with multiple indicators on a microcosmic 
scale is proposed, providing a scientific approach to 
achieving an energy-efficient sintering process that 
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meets product quality requirements. 
 
2 Microscopic evolution mechanism of 

ternary cathode materials 
 

In this section, the chemical reactions that 
occur during the primary sintering process of the 
nickel−cobalt−manganese (NCM) ternary cathode 
material Ni0.83Co0.11Mn0.06O2 (Ni83) are analyzed. 
Then, to obtain the two important parameters of 
oxygen vacancy concentration and grain size, the 
experimental designs for electron paramagnetic 
resonance (EPR) and scanning electron microscope 
(SEM) are introduced and analyzed in this section. 

During the sintering process of NCM materials, 
the primary reaction involves two raw materials: the 
lithium source LiOH·H2O and the precursor 
Ni0.83Co0.11Mn0.06(OH)2. These two substances are 
mixed according to the stoichiometric ratio in the 
reaction equation and loaded into a saggar, and then 
sent into a roller kiln. The saggar is transported 
from the entrance to the exit of the roller kiln at a 
predetermined roller speed, undergoing complex 
physical and chemical reactions along the way. 
Ultimately, the final ternary cathode material 
product Ni83 is obtained. The main reaction 
equation during this process is as follows:  

( )0.83 0.11 0.06 2 22Ni Co Mn OH +LiOH H O+0.25O⋅ →  

0.83 0.11 0.06 2 2LiNi Co Mn O +2.5H O          (1) 
 

The two substances do not react immediately 
to form the final product during the sintering 
process. Instead, the microscopic evolution can be 
viewed as a series of multiple complex chemical 
reactions. According to the literature [22,33,34], the 
preparation process of NCM materials can be 
described in three stages, allowing a model to be 
established based on the characteristics of each 
stage. Therefore, the reaction can be divided into 
three main sub-reactions: thermal decomposition of 
LiOH·H2O, thermal decomposition of the precursor, 
and oxidation reaction of the precursor, as 
illustrated in Eqs. (2)−(5):  

2 2LiOH H O LiOH+H O⋅ →                 (2) 
( )1 1 22Ni Co Mn OH Ni Co Mn O+H Ox y x y x y x y− − − −→  

 (3) 
2 2LiOH 0.5Li O+0.5H O→                  (4) 

1 2 2Ni Co Mn O+0.5 Li O+0.25Ox y x y− − →  

1 2LiNi Co Mn Ox y x y− −                   (5) 

To further clarify the reaction mechanisms, a 
relevant experimental scheme is designed. The 
precursor and LiOH·H₂O are mixed and ground 
uniformly in a 1꞉1.05 ratio. They are then heated 
from room temperature to 800 °C in a tube furnace, 
and maintained at this temperature for 9 h, with 
samples taken at specific temperature intervals. 
Several samples with the nominal composition 
Ni83 can be obtained using the high-temperature 
solid-state method. During the heating stage, 
heating rates of 1.5 and 2 K/min are employed, with 
temperatures set at 400, 600, and 800 °C. For the 
temperature-keeping stage, keeping time of 3, 6, 9 h 
is selected, respectively. The obtained samples are 
collected and analyzed by EPR and SEM, as shown 
in Figs. 1−3. 
 

 
Fig. 1 EPR results at heating rates of 1.5 K/min (a) and 
2 K/min (b) 
 

EPR testing compares vacancy concentrations 
based on the different behaviors of defects in a 
magnetic field. The EPR results obtained from   
the experiment are presented in Fig. 1, where    
the horizontal axis represents the magnetic field 
intensity, and the peak value on the vertical axis 
indicates the level of vacancy concentration at the 
specific magnetic field intensity [35,36]. The EPR 
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Fig. 2 SEM images during heating stage at 400 °C (a), 
600 °C (b) and 800 °C (c) 
 
experimental results illustrate the trend of oxygen 
vacancy concentration changes at various heating 
rates and sintering temperatures. As shown in Fig. 1, 
the oxygen vacancy concentration initially increases 
and then decreases as the temperature continues to 
rise, following the same variation pattern across 
different heating rates. At the same temperature, the 
oxygen vacancy concentration first decreases and 
then increases with the rising heating rate. To 
quantitatively describe these changes in oxygen 
vacancy concentration, we define the peak value of 
the EPR results as the oxygen vacancy 
concentration value. By normalizing the peak  
values of all EPR experimental results [37], we obtain 
the relative oxygen vacancy concentration, which 
serves as the output of the predictive model 
established in this work. 

 

 
Fig. 3 SEM images during temperature-keeping stage for 
3 h (a), 6 h (b) and 9 h (c) 
 

As shown in Fig. 2, during the grain growth 
process in the heating stage, various physical and 
chemical reactions lead to significant changes in 
grain morphology as the temperature increases. The 
shape of primary particles transitions from flaky to 
brick-like, and ultimately to rice-like, with particles 
adhering to one another, making it difficult to 
measure the grain size. In Fig. 3, during the 
temperature-keeping stage, the grains continue to 
grow significantly over several hours of constant 
temperature, resulting in noticeable changes in 
grain size. The grain boundaries between particles 
become distinct, and the grains are well-defined, 
ultimately achieving the size required for the final 
product. 

From the above analysis, it is clear that the 
changes in oxygen vacancy concentration and grain 
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size are significant during the sintering process, and 
these indicators influence the performance of the 
product. Therefore, this study focuses on the 
evolution of grains throughout the sintering process 
by examining the oxygen vacancy concentration 
and grain size. 
 
3 Prediction methods for key performance 

indicators of ternary cathode materials 
 

During the sintering process, oxygen vacancy 
and grain size respectively reflect the structural and 
morphological characteristics of the material. In this 
section, the prediction methods for the key 
performance indicators of ternary cathode materials 
were proposed by conducting an in-depth analysis, 
with the aim of clarifying the microscopic changes 
in the sintering process. 
 
3.1 Oxygen vacancy concentration prediction 

model for ternary cathode materials 
From the analysis of the oxygen vacancy 

concentration, it is essential to consider 
comprehensive factors such as heating rate and 
sintering temperature in order to thoroughly 
understand and predict variations in oxygen 
vacancy concentration. According to Ref. [22], a 
cellular automaton during the sintering process can 
be established based on Arrhenius equations and the 
particles number set 

2LiOH Li O NiCoMnO{ ,  ,  ,N N N

2 2LiNiCoMnO H O,  }N N  can be obtained. Then, the 
relationship among oxygen vacancy concentration  
δ, heating rate β, sintering temperature T, and 
oxidation progress α can be described as follows:  
δ= f (β, T, α)                             (6)  
where α is the progress of the oxidation reaction, 
which is the ratio of product particle number 

2LiNiCoMnON to the initial precursor particle number 
NNiCoMnO. 

Since the change in oxygen vacancy 
concentration pertains to microscopic structure, an 
empirical formulation for these changes is designed 
based on mechanistic analysis and corresponding 
experimental trends. The data indicate that the 
concentration of oxygen vacancies is influenced by 
temperature and heating rate as shown in Section 2. 
Furthermore, the oxidation reaction is also the 
important cause of oxygen vacancy formation, and 
its progress directly impacts the concentration of 
oxygen vacancies. 

Based on experimental data and relevant 
mechanistic knowledge, a relationship equation 
linking the concentration of oxygen vacancies to 
these three variables has been constructed. To 
capture the variation characteristics of oxygen 
vacancy concentration, a multi-exponential weighted 
fusion function is employed. Due to the complex 
variation trend of oxygen vacancy concentration, 
multi-exponential functions effectively capture 
these intricate data trends and changes by 
combining several exponential terms, making them 
more suitable for describing the fluctuations in 
oxygen vacancy concentration. Then, the influence 
of each factor on oxygen vacancy concentration is 
described as   

2
3 1

3 2 2
3

( )( )= exp  ( 1,  2,  3)
2

i
i i

i

x af x a i
a

−
−

 −
⋅ = 

− 
     (7) 

 
where f1, f2 and f3 correspond to the effects of β, T, 
and α, respectively. Here, the generic variable x in 
Eq. (7) represents β, T and α for i = 1, 2, 3, 
respectively. 

By considering the expressions of individual 
effects along with their interactions, a multi- 
exponential weighted fusion model can be obtained 
as   

1 2 3( ) ( )+ (, , )+ ( )δ β T α f β f T f α= =  
22

52
1 42 2

3 6

( )( )exp exp T aβ aa a
a a

   −−
⋅ − + ⋅ −   

   
+  

2
8

7 2
9

( )exp aa
a

α −
⋅ − 

 
                 (8) 

 
where a1, a2, a3, a4, a5, a6, a7, a8, a9 are model 
parameters. 

The nonlinear least squares method is adopted 
to accurately estimate these model parameters. This 
method offers several advantages that make it 
widely applicable in data fitting and model 
development. Firstly, it is highly flexible and 
capable of handling various types of nonlinear 
models, making it suitable for complex functional 
relationships and effectively capturing intricate data 
trends. Secondly, by minimizing the sum of squared 
residuals between actual observations and model 
predictions, it provides high precision in parameter 
estimation, especially for data with strong nonlinear 
characteristics. 

By minimizing the sum of squared errors (SSE) 
between the observed values and the model- 
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predicted values, the optimal model parameters can 
be found as   

[ ]
ovc 2

SS1
1

(= ,   ),
n

i i i i
i

e Y δ β T α
=

−∑                  (9) 
 
where eSS1 represents SSE for oxygen vacancy 
concentration, novc is the total number of samples, Yi 
is the actual oxygen vacancy concentration for   
the ith sample, and ,  ,  ( )i i iδ β T α  represents the 
corresponding predicted value. 

Then, the gradient descent method is used to 
update the parameters. By calculating the partial 
derivatives of SSE with respect to each parameter, 
new parameters can be obtained until the results 
converge, as shown in Eq. (10).  

new old SS1=j j
j

ea a
a

η
∂

−
∂

                     (10) 

 
where aj ( j = 1, 2, ……, 9) represents the jth model 
parameter, and η is the learning rate, which 
determines the step size of the parameter updates. 

In this way, the oxygen vacancy concentration 
under different sintering conditions can be predicted. 
This allows us to precisely describe the variation in 
oxygen vacancy concentration during the heating 
stage. Through deeply analyzing the variation 
patterns of oxygen vacancy concentration in the 
sintering process, we can uncover the structural 
changes caused by the complex physicochemical 
behaviors of the material at high temperatures. 
 
3.2 Grain growth process model of ternary 

cathode materials 
The prediction model for grain growth process 

can be divided into heating stage and temperature- 
keeping stage. In the heating stage, several steps of 
thermal decomposition reactions occur, followed by 
the formation reactions of cathode materials, which 
are accompanied by significant morphological 
changes. The development direction of these 
reactions and the resulting structural changes 
directly determine the state and stability of grain 
growth. 

During the heating phase of sintering, the 
material undergoes a transition from powder to 
consolidated body. This phase often involves the 
grain formation behavior that is frequently 
overlooked. As the basic stage of grain growth, it 
has an impact on the final product size. The 
prediction of initial grain size provides us with a 

starting point that allows us to more accurately 
predict and control grain growth at the temperature- 
keeping stage, which is critical for optimizing the 
microstructure and final performance of the 
material. However, the mechanism analysis and 
modeling of the grain growth process during the 
heating stage are challenging. Therefore, a data- 
driven model is adopted to predict the grain size at 
the heating stage in order to better understand and 
control the grain growth behavior during the entire 
sintering process. 

On this basis, the grain size during the 
temperature-keeping stage can be predicted, 
covering the entire process from the beginning to 
the end of that stage, ensuring a comprehensive 
study of the grain size of the sintered samples. 
Through this method, a complete picture of the 
changes in grain size from start to end of sintering 
can be provided. 

To reveal the nonlinear and complex 
relationship between particle size and sintering 
parameters, a neural network-based prediction 
model is established for the particle size at the end 
of the heating stage. The activation function for the 
input layer and the hidden layer is chosen as the 
tanh function, and the activation function for the 
output layer is chosen as the sigmoid function. The 
neural network structure is shown as Fig. 4. 
 

 
Fig. 4 Neural network structure diagram 
 

The particle size at the end of the heating stage 
can be described as follows:  

h

0 out out
1

= ( ( ))
n

j j
j

D f w y b
=

+∑                   (11) 
 
where yj is the output value of the jth neuron in the 
second hidden layer, and D0 is the output value, 
which is the grain size at end of the heating stage. 
fout is the activation function, wj is the weight 
between the jth neuron of the hidden layer and the 
output layer, bout is the biases of output layer, and nh 
is the number of neurons in the second hidden layer. 
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The grain size model during the temperature- 
keeping stage mainly covers the entire process from 
the beginning of the temperature-keeping stage to 
the end of sintering. However, to enable effective 
evolution, the model lacks an initial grain size at the 
start of the temperature-keeping stage. If a random 
grain size is assumed, it may lead to inaccuracy in 
the final sintered grain size. Therefore, it is essential 
to predict the grain size at the end of the heating 
stage to ensure the accuracy and reliability of the 
model. 

During the temperature-keeping stage, the 
grain growth process tends to stabilize due to the 
absence of complex chemical reactions. The key 
factors influencing this process include the keeping 
temperature and keeping time. According to 
Refs. [38−40], the Sellars−Anelli grain growth 
kinetics model is selected to predict grain size, as 
shown in Eq. (12).  

0 = expn n m
t

QD D At
RT

 − − 
 

                 (12) 
 
where Dt represents the average grain size at time t, 
Q is the activation energy for grain growth, A is the 
pre-exponential factor, R is the molar gas constant, 
and n and m are exponents. 

To determine the unknown parameters n, A, m 
and Q, Eq. (12) can be transformed to Eq. (13) as  

0ln( ) ln lnn n
t

QD D A m t
RT

− = + −             (13) 
 

When solving for the unknown parameters in 
the model, the range of the grain growth exponent 
(n) needs to be determined. By substituting the n 
value into the equation and performing multiple 
trials, the values of A, m, Q and their errors can be 
calculated using experimental data. 

Then, when the keeping time (t) is determined, 
the keeping time is a constant. Taking the partial 
derivative of Eq. (13) with respect to the keeping 
temperature 1/T, the functional relationship 

0ln( )n n
tD D−  between and 1/T can be obtained as  

0ln( )
(1 / )

n n
tD DQ R Rl

T
∂ −

= − = −
∂

               (14) 
 

The parameters can be identified and the 
relationship curve between 0ln( )n n

tD D−  and 1/T 
can be obtained. The average slope of this curve is 
denoted as l. 

Similarly, when the keeping temperature T is 

determined, let the keeping temperature be a 
constant. The average slope of the relationship 
between 0ln( )n n

tD D−  and 1/T is denoted as m, as 
shown in Eq. (15).  

0ln( )
(ln )

n n
tD Dm R

t
∂ −

= −
∂

                    (15) 
 

For the grain growth exponent n, the 
Levenberg−Marquardt (LM) algorithm is used for 
identification. The SSE is taken as a function of n, 
and the regression sum of squared errors is used as 
the optimization objective to obtain the optimal n 
value. The error formulation is introduced as shown 
in Eq. (16). The LM algorithm is particularly 
advantageous for this application because it 
efficiently handles the non-linear nature of the grain 
growth model, providing faster convergence to the 
optimal solution compared to traditional methods. 
Additionally, its combination of gradient and 
second-order information ensures stability and 
robustness in parameter estimation, making it 
well-suited for accurately identifying the grain 
growth exponent in complex systems.  

gs
2

SS2 pred, exp,
1

= ( )
n

i i
i

e D D
=

−∑                (16) 
 
where eSS2 represents SSE for grain size, ngs is the 
total number of samples, Dpred,i is the predicted 
grain size for the ith sample, and Dexp,i the 
corresponding actual value. 
 
4 Collaborative optimization of sintering 

schedule constrained by microscopic 
multi-reactant phase structure 
mechanism 

 
In the preparation of ternary cathode materials, 

product quality and energy consumption are the 
most critical indicators, as determined by the 
sintering schedule. Therefore, it is necessary to 
formulate an appropriate sintering schedule to 
ensure efficiency and energy savings in the roller 
kiln. According to the mechanism analysis of the 
reactions, the optimization of the sintering process 
can be divided into three main stages: thermal 
decomposition, oxidation, and grain growth. 
Correspondingly, indicators in each stage can be 
selected as loss on ignition (LOI), oxygen vacancy 
concentration (OVC), and grain size (GS), as shown 
in Fig. 5. 
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Fig. 5 Implementation concept of sintering schedule optimization 
 

Based on the above established models, the 
variations in the three key indicators under different 
sintering schedules can be obtained. To achieve 
energy efficiency, the goal of sintering schedule 
collaborative optimization is to obtain the fastest 
sintering schedule while ensuring that all key 
performance indicators are within the acceptable 
range. The three elements that determine the 
sintering system are heating rate, keeping 
temperature, and keeping time, with different 
elements requiring optimization at each stage. The 
specific optimization formulations at each stage can 
be described as follows. 

(1) Optimization of thermal decomposition 
stage 

The thermal decomposition reaction stage 
mainly includes the thermal decomposition of 
LiOH·H2O and the precursor. The primary objective 
of the thermal decomposition stage is to remove the 
moisture from the raw materials completely. If the 
thermal decomposition time is too short, the 
moisture in the raw materials will not be fully 
removed, preventing subsequent oxidation reactions 
and grain growth stages from occurring. Conversely, 
if the sintering temperature is too high, the energy 
consumption required for sintering will increase, 
and preparation costs will rise substantially. 
Therefore, the LOI is selected to reflect the 
moisture content in the material, which is defined as 
the degree of dehydration occurring during the 
reaction process. According to Ref. [22], LOI is 
related to both the heating rate and the reaction time 
in the sintering schedule. The main objective of 
optimization in the thermal decomposition stage is 
to obtain an optimal heating rate that minimizes the 
decomposition time before the oxidation reaction 

begins, while meeting the LOI requirements, as 
shown in Eq. (17). 
 

1 w

loss ts 1

1

w te 1

min 1 max

ideal

min max

w,min w w,max

loss id aw e l

min

= ( , )
= /

=
s.t

) +

/
.

(

J t

W f β t
t T β
t T β
β β β
t t t
t t t

W tW W W W

=





 ≤

− ∆

≤
 ≤ ≤
 ≤ ≤


≤ ≤ ∆

      (17) 

 
where J1 is the objective function to be minimized, 
representing the total thermal decomposition time tw. 
t is the current sintering time, and β1 is the heating 
rate at the current stage. Wloss represents the LOI at 
current t and β1, calculated by the prediction model 
fts described in Ref. [22]. T is the current sintering 
temperature and Tte is the sintering temperature at 
the completion of the thermal decomposition 
reaction. βmin and βmax are bounds for the heating 
rate. tmin and tmax are time limits for current stage. 
tw,min and tw,max are bounds for total time. Wideal 
denotes the ideal LOI, and ∆W represents the 
allowable fluctuation tolerance of LOI. 

(2) Optimization of oxidation stage 
The oxidation reaction stage mainly includes 

the oxidation reaction of nickel in the precursor,  
and oxygen vacancy in the material is a key 
indicator. The oxygen vacancy concentration is 
generally adjusted to meet the requirements of 
electrochemical performance, and it varies within a 
certain range. Based on the microscopic mechanism, 
the OVC is related to the oxidation reaction 
progress, heating rate, and sintering temperature. 
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The main objective of optimization in the oxidation 
stage is to obtain an optimal heating rate that 
minimizes the oxidation time, meeting the OVC 
requirements, as shown in Eq. (18). 

2 d

vacancy yh 2

ys 2

d ye ys 2

min 2 max

min max

d,min d d,max

v,min vacancy d v,max

min =
= ( , , )

=( )/

=( )/

s.t.

( )

J t
W f β T α

t T T β

t T T β

β β β
t t t
t t t
W W t W




−
 − ≤ ≤
 ≤ ≤
 ≤ ≤


≤ ≤

            (18) 

 
where J2 is the objective function to be minimized, 
representing the total duration of the oxidation stage 
td. β2 is the heating rate during this stage. Wvacancy 
denotes the oxygen vacancy concentration 
calculated by the prediction model fyh described in 
Eq. (8). Tys and Tye represent the starting and ending 
temperatures of the oxidation stage, respectively. 
td,min and td,max are the bounds for the total duration. 
Wv,min and Wv,max are the allowable limits for the 
final oxygen vacancy concentration. 

(3) Optimization of grain growth stage 
Grain growth is the process by which the GS 

of a material continuously increases under the 
influence of heat. The GS is closely related to the 
keeping-time and keeping-temperature. A longer 
keeping-time or a higher keeping-temperature may 
lead to the larger GS. However, if the temperature is 
too low or the time is insufficient, it may result in 
incomplete grain growth. Excessively high 
temperatures increase the risk of cation mixing and 
microcrack formation and result in high energy 
consumption. 

In addition, the primary particles mainly guide 
optimization, and the prediction model accuracy is 
also for the primary particles. On the one hand, they 
play a crucial role in determining the 
electrochemical performance of the material. On the 
other hand, as the fundamental building blocks of 
the material, the physicochemical performance of 
primary particles may influence the formation and 
behavior of secondary particles. 

However, it does not imply that only a single 
indicator can be used for optimization. To achieve a 
better sintering schedule, a combination of multiple 
indicators can be employed in the optimization. 
Considering various indicators will provide a more 

comprehensive evaluation of different aspects of the 
sintering process, leading to better overall results. 
The optimization method proposed aims to 
effectively integrate these indicators to enhance the 
overall performance of the sintering schedule. 

The main objective of optimization in the grain 
growth stage is to obtain the minimum time and 
lowest temperature that meet the grain size 
requirement, as shown in Eq. (19).  

3 1 b 2 bw

bw bw bw 0

b,min b b,max

bw,min bw bw,max

1 w 2 d bw

bw,min bw b bw bw,max

min = +
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+
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J w t w T

D f t T D
t t t
T T T
β t β t T
D D t T D


 ≤ ≤
 ≤ ≤
 ≤
 ≤ ≤

         (19) 

 
where J3 is the objective function to be minimized. 
w1 and w2 are the weighting coefficients for time 
and temperature, respectively. tb represents the grain 
growth time, and Tbw is the grain growth keeping 
temperature. Dbw is the grain size calculated by the 
prediction model fbw described in Eq. (12). tb,min and 
tb,max are the bounds for the grain growth time. 
Tbw,min and Tbw,max are the limits for the sintering 
temperature. Dbw,min and Dbw,max represent the 
required range for the final grain size. 

The optimization formulations described 
above involve optimizing the sintering schedule in 
three stages. These stages can be solved independently 
but are also interrelated. Summarizing the 
optimization processes for these three stages, the 
collaborative optimization formulation for the 
sintering schedule can be constructed, as shown in 
Fig. 6. 

By solving the three optimization problems, 
the optimal heating rate, keeping time, and 
keeping-temperature can be obtained. These three 
elements will result in a sintering schedule with 
minimal energy consumption and optimal product 
quality. 

 
5 Simulation results 
 

The model parameters are determined using 
actual experimental data. The effectiveness of the 
proposed model is verified by simulating the oxygen 
vacancy and grain size under different sintering 
conditions. Subsequently, the optimal sintering 
schedules required for various requirements are 
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Fig. 6 Collaborative optimization formulation of sintering schedule 
 
obtained using the proposed optimization method, 
and the feasibility of the optimization algorithm is 
validated with real data. 
 
5.1 Oxygen vacancy concentration predictions 

To verify the effectiveness of the oxygen 
vacancy concentration prediction model, the model 
parameters need to be determined first. Combining 
Eqs. (9) and (10) and actual sintering data, the 
parameters set for the oxygen vacancy prediction is 
obtained, as listed in Table 1. 
 
Table 1 Parameters set for oxygen vacancy prediction 

a1 a2 a3 a4 a5 a6 a7 a8 a9 

0.0048 1.5 1.2 0.0026 650 20 0.5 0.001 0.1 
 

By inputting the corresponding heating rate, 
reaction temperature, and reaction progress data, the 
predicted oxygen vacancy concentrations under 
different conditions (1.5 and 2 K/min) are 
calculated. The comparison between the predicted 
and actual values of oxygen vacancy concentration 
at different heating rates is shown in Fig. 7. 

The simulation results under different heating 
rates are evaluated using multiple metrics to assess 
the effect of the oxygen vacancy concentration 
model, including root mean square error (RMSE), 
coefficient of determination (R2), and mean absolute 
error (MAE), as shown in Table 2. 

The simulation results show that the trends of the 
simulated and actual oxygen vacancy concentrations 
are consistent, matching the actual variation trends 

 

 
Fig. 7 Comparison of predicted and actual oxygen 
vacancy concentrations at heating rate of 1.5 K/min (a) 
and 2 K/min (b) 
 
Table 2 Error analysis of predicted values 

Heating rate/(K·min−1) RMSE R2 MAE 

1.5 0.0458 0.9742 0.1179 

2 0.0527 0.9712 0.1235 
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of oxygen vacancy concentration. From the 
comparison between the simulation results and the 
actual values, the errors of the simulation results are 
within an acceptable range. The designed prediction 
model of oxygen vacancy concentration can 
dynamically simulate the changes in the oxygen 
vacancy structure of ternary cathode materials and 
can obtain real-time information on the material 
state changes within the roller kiln. 
 
5.2 Grain size prediction 

According to the mechanism analysis, the 
grain growth process is divided into two stages. In 
the heating stage, the parameters of neural network 
need to be determined first. The number of input 
layer nodes is set as 3, the number of output layer 
nodes is set as 1, and the number of hidden layer 
nodes is 10 with a 4×6 hidden layer network. The 
initial learning rate is set as 0.001 to ensure the 
stability and convergence speed of the training. A 
maximum of 20000 iterations is set to ensure 
sufficient training. The experimental data are split 
into a training set and a test set in a ratio of 8꞉2, 
ensuring the model learns from enough data while 
also evaluating its performance on an independent 
dataset. The model training stops when the MSE 
between the expected output and the model 
prediction is less than 0.0005. Using the 
experimental data from the heating stage under 
different sintering conditions and the neural 
network framework, the particle size at the end of 
the heating stage is predicted. The comparison 
between the model prediction and experimental 
results is shown in Fig. 8. 

As shown in Fig. 8, under the influence of 
different factors, predicted values of the neural 
network for the particle size at the end of the 
heating stage overall show a consistent trend with 
the actual values. Relative error analysis of the 
predicted results indicates that the maximum 
relative error of the model is 1.4%, and the 
minimum relative error is 0.1%, demonstrating a 
high degree of fit between the neural network 
model and the data. Moreover, at the initial stage of 
training, the MSE decreases sharply. When the 
number of iterations reaches 4000, the MSE 
continues to decrease and stabilizes, achieving the 
required accuracy. Therefore, the experimental 
results indicate that the established neural network 
model can accurately predict the particle size during 

this stage. 
Based on the neural network model, the 

particle size in the heating stage can be predicted, 
which can be used as the initial value for the grain 
growth process in the temperature-keeping stage. 
Using the temperature-keeping stage experimental 
data under different sintering conditions and the 
particle sizes from the heating stage, the values of  
A, m and Q can be obtained. Then, n=0.4908 is 
determined with a minimum sum of squared errors 
0.03222. The parameters are listed in Table 3. 
 

 
Fig. 8 Comparison of predicted and actual initial particle 
sizes (a), and their relative error (b) 
 
Table 3 Parameter set for Sellars−Anelli kinetics model 

n Q/(kJ·mol−1) m A 

0.4908 484.67 1.2942 64.3803 
 

Therefore, the Sellars−Anelli kinetics model 
for the primary particle growth process of ternary 
cathode materials during the temperature-keeping 
stage can be obtained as follows. 

0.4908 1.2942
0={ +64.0383D D t⋅ ⋅  

1/0.4908exp[ 484670/( )]}RT−             (20) 
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Then, the primary particle size of ternary 
cathode materials during the temperature-keeping 
stage is predicted. The predictions are made at 
different keeping temperatures of 750 and 800 °C, 
under the condition of keeping for 9 h. The 
comparison between the mode predicted results and 
the actual experimental results is shown in Fig. 9. 
 

 
Fig. 9 Comparison of predicted and actual grain sizes 
during temperature-keeping stage at 750 °C (a) and 
800 °C (b) 
 

As shown in Fig. 9, the predicted results of the 
Sellars-Anelli model are consistent with the actual 
experimental results in terms of trends and values. 
The simulation results indicate that the established 
grain growth kinetics model can effectively reflect 
the grain growth characteristics of ternary cathode 
materials during the temperature-keeping stage, 
simulating the variation in grain size. This confirms 
the effectiveness and reliability of the model in 
grain size prediction. 

 
5.3 Sintering schedule optimization  

To verify the effectiveness of the proposed 

optimization methods, two conditions are designed 
based on different product requirements to optimize 
the sintering schedule. Under constraint condition I, 
the LOI is maintained within an error of 0.1%, the 
oxygen vacancy concentration is set between 0.001 
and 0.0015, and the grain size is set between 420 
and 440 nm. For the sintering schedule constraints, 
the heating rate is set to vary between 1 and 
10 K/min, the platform temperature is set between 
700 and 1000 °C, and the keeping time is set 
between 0 and 12 h. The sintering schedule is 
optimized according to constraint condition I, 
resulting in the optimization results shown in 
Table 4 and Fig. 10. 

As shown in Table 4 and Fig. 10, the sintering 
schedule is optimized in three stages according to 
different production requirements. In the thermal 
decomposition stage, the heating rate is 
2.428 K/min. In the oxidation stage, the heating rate 
is 2.9876 K/min, and heating continues at this rate 
until 704.2819 °C, followed by the temperature- 
keeping stage. After keeping at the temperature for 
8.3703 h, the product achieves a LOI of 29.34%, an 
oxygen vacancy concentration of 0.0014, and a 
grain size of 436.8 nm, meeting the specified 
production requirements. 

Under constraint condition II, with the LOI 
maintained within an error range of 0.3%, the 
oxygen vacancy concentration is set between 
0.0015 and 0.002, and the grain size is set between 
440 and 460 nm. The sintering schedule constraints 
are set the same as condition I. The sintering 
schedule is optimized according to constraint 
condition II, resulting in the optimization results 
shown in Table 5 and Fig. 11. 

As shown in Table 5 and Fig. 11, the sintering 
schedule is optimized in three stages according to 
different production requirements. In the thermal 
decomposition stage, the heating rate is 
2.431 K/min. In the oxidation stage, the heating rate 
is 2.7747 K/min, and heating continues at this rate 
until 703.0737 °C, followed by the temperature- 
keeping stage. After keeping at the temperature  
for 9.5424 h, the product achieves a LOI of 14.41%, 
an oxygen vacancy concentration of 0.0017, and a 

 
Table 4 Optimization results for ternary cathode materials under constraint condition I 

Decomposition heating 
rate/(K·min−1) 

Decomposition end 
temperature/°C 

Oxidation heating 
rate/(K·min−1) 

Keeping 
temperature/°C 

Keeping 
time/h 

2.428 420.28 2.9876 704.2819 8.3703 
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Table 5 Optimization results for ternary cathode materials under constraint condition II 
Decomposition heating 

rate/(K·min−1) 
Decomposition end 

temperature/°C 
Oxidation heating 

rate/(K·min−1) 
Keeping 

temperature/°C 
Keeping time/h 

2.431 391.02 2.7747 703.0737 9.5424 

 

 
Fig. 10 Optimized sintering schedule under constraint 
condition I 
 

 
Fig. 11 Optimized sintering schedule under constraint 
condition II 
 
grain size of 453.6 nm, meeting the specified 
production requirements. 

Currently, there are methods such as co- 
precipitation, high-temperature solid-phase 
synthesis, and solvothermal synthesis for sintering 
Ni83 material [41]. Among them, the high- 
temperature solid-phase method is widely used in 
industrial production due to its simple preparation 
process and low cost, making it suitable for mass 
production. In terms of optimizing the sintering 
system for Ni83, there is currently no relevant 
research. Therefore, to demonstrate that the 
proposed optimization method can formulate a 
sintering schedule with minimal energy 
consumption that meets different production 
requirements, a comparative experiment on 
sintering energy consumption is designed. The 
sintering schedule optimization method proposed is 
compared to the existing general sintering method, 

which is denoted as the experimental group. The 
sintering schedule for the experimental group is set 
with a heating rate of 2 K/min, a keeping 
temperature of 800 °C, and a keeping time of 8 h. 
The optimized sintering schedule under constraint 
condition I is used as the control group for the 
comparative experiment. The comparison of the 
two sintering schedules is shown in Fig. 12. 
 

 
Fig. 12 Comparison of sintering schedules between 
experimental group and control group 
 

Under the sintering schedule of the 
experimental group, the material achieves a LOI of 
29.57%, an oxygen vacancy concentration of 
0.0014, and a grain size of 436.7 nm, all within the 
performance indicator range specified in constraint 
condition I. The results show that both sintering 
schedules meet the given requirements. Under 
condition I, the heating rate is faster and the 
keep-temperature is lower, suggesting that sintering 
is more energy-efficient and the proposed method is 
effective. The material is sintered in a tube furnace 
using the sintering schedule from condition I, as 
shown in Fig. 13. 

The sintering time for the two sintering 
schedules is calculated. Under the conditions that 
the performance indicators meet the constraint 
ranges, the sintering time for the experimental 
group is 867.5 min, with heating rate of 2 K/min, 
keeping temperature of 800 °C, and keeping time of 
8 h. The sintering time for the control group 
obtained through the optimization model is 
760.708 min, significantly shorter than that of the 
experimental group. This indicates that the 
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established optimization model is effective, capable 
of yielding the shortest sintering time and, 
consequently, the lowest energy consumption 
within the same performance indicator range. 

Moreover, the proposed method has been used 

in the actual preparation of cathode material, as 
shown in Fig. 14. It effectively shortens the 
development cycle, improves the adaptability of 
sintering schedule to complex process requirements, 
and significantly reduces the energy consumption. 

 

 
Fig. 13 TG curves (a, d), EPR curves (b, e) and SEM images (c, f) of materials sintered by optimized (a−c) and  
standard (d−f) schedule 
 

 
Fig. 14 Actual application system interface 
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6 Conclusions 
 

(1) The work focused on the preparation of 
Ni83 ternary cathode materials, proposing 
prediction models for oxygen vacancy 
concentration and grain size based on microscopic 
thermodynamics. It integrated chemical reaction 
mechanisms with experimental data to track grain 
structure evolution. 

(2) The sintering schedule was optimized 
collaboratively in three stages, aiming to minimize 
reaction time at each stage while adhering to 
constraints for LOI, oxygen vacancy concentration, 
and grain size requirements. 

(3) Simulation results demonstrated that the 
proposed optimization method could establish an 
efficient sintering schedule with minimal energy 
consumption, providing a theoretical framework 
that enhanced material development efficiency and 
supported sustainable material preparation. 
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摘  要：提出了微观特征耦合约束下三元正极材料烧结制度的协同优化方法，建立了基于微观热力学的氧空位浓

度预测模型和基于神经网络的生长动力学模型，构建了三阶段优化问题，以获得在不同微观指标需求下最节能的

烧结制度。仿真结果表明，所建立模型能够准确预测氧空位浓度和晶粒尺寸，均方根误差分别约为 5%和 3%。此

外，优化后的烧结制度不仅满足所需的质量标准，还缩短了 12.31%的烧结时间，平台温度降低了 11.96%。该研

究为三元正极材料的制备提供了新的视角和方法。 

关键词：三元正极材料；微观动力学；氧空位浓度；晶粒生长；烧结制度优化 
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