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Abstract

This paper proposed a stacking-based ensemble model to replace the traditional single ma-
chine learning model prediction approach, significantly improving the evaluation efficiency
of SoC and SoH of lithium batteries. Firstly, a dataset was constructed including three
input variables (temperature, current, and voltage) and two output variables (SoC and
SoH). Pearson correlation coefficients and histograms were used for preliminary analysis
of the correlations and distributions of the dataset. The multi-layer perceptron (MLP),
support vector machine (SVM), random forest (RF), and extreme gradient boosting tree
(XGB) were used as base prediction models. Bayesian optimization (BO) was used to
fine-tune the parameters of these models, then three statistical indicators were compared
to assess the prediction accuracy of the four ML models. Furthermore, MLP, SVM, and
RF were selected as base models, while XGB was used as the meta-model, enhancing the
integrated performance of the prediction models. SHAP was used to quantify the influence
of the output variables on SoC. Finally, linked measures for the prediction model were
proposed to achieve autonomous monitoring of drones. The results showed that XGB
exhibited superior prediction accuracy, with R2 of 0.93 and RMSE of 0.14. The ensemble
model obtained using stacking reduced the number of outliers by 89.4%. Current was
identified as the key variable influencing both SoC and SoH. Furthermore, the intelligent
prediction model proposed in this paper can be integrated with controllers, visualization
web pages, and other systems to enable the health status assessment of drones.

Keywords: lithium battery; stacking; state of charge; state of health; intelligent evaluation

1. Introduction
Unmanned Aerial Vehicles (UAVs) have rapidly developed in recent years due to their

wide range of applications, including surveillance, agriculture, and healthcare, etc. [1,2].
UAVs can be classified based on factors such as weight, autonomy, and flight altitude. For
instance, small UAVs are typically equipped with batteries of around 5 Ah, whereas larger
devices, such as military UAVs, use batteries exceeding 25 Ah. Currently, UAVs primarily
rely on lithium batteries due to their low self-discharge rate and high energy density. The
electrochemical composition of lithium-ion batteries changes with increased charge and
discharge cycles and prolonged usage, leading to a gradual decline in battery capacity
and power. This phenomenon is referred to as battery aging [3,4]. Battery aging is the
result of the coupling of multiple mechanisms influenced by various factors, including
the electrochemical principles of the battery, manufacturing processes, environmental
changes, and operating conditions. When a battery can no longer meet the energy or

Batteries 2026, 12, 62 https://doi.org/10.3390/batteries12020062

https://crossmark.crossref.org/dialog?doi=10.3390/batteries12020062&domain=pdf&date_stamp=2026-02-14
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/batteries
https://www.mdpi.com
https://doi.org/10.3390/batteries12020062


Batteries 2026, 12, 62 2 of 16

power requirements of its application, it is considered to have reached the end of its useful
life [5,6]. To monitor the stability and safety of batteries over long-term use, the concept
of Battery Management Systems (BMS) has been introduced. In order to ensure the stable
operation of UAVs, the system should monitor the battery’s status in real-time and provide
accurate information regarding the State of Charge (SoC) and State of Health (SoH) [7,8].
By predicting potential battery issues in advance, the system can effectively reduce the risk
of failure and improve the reliability of the UAV system. Ultimately, this not only helps
extend the battery’s lifespan but also prevents the negative consequences that may arise
from UAV malfunctions caused by battery failure.

Due to the complexity of the electrochemical reactions in lithium-ion batteries during
operation, the variability of operating conditions, and the limitations in measurement and
detection, accurately predicting the health status and lifespan of batteries is a challenging
task. The existing prediction methods can generally be categorized into two types (Figure 1):
model-based methods and data-driven methods. Typically, model-based methods require
an in-depth investigation of the internal electrochemical mechanisms of the battery, the
construction of models that reflect the battery’s degradation process, and the estimation of
parameters from these models to predict the battery’s health status and remaining useful
life. Common battery models include electrochemical models, equivalent circuit models,
and aging models, among others. After the model is constructed, corresponding parameter
identification methods are used to estimate the parameters within the model based on
experimental data from the battery, enabling the model to exhibit external characteristics
that simulate real-world conditions. Chiodo et al. [9] employed Burr distribution and
inverse Gaussian distribution to analyze battery datasets, using the Monte Carlo method
to simulate the battery’s lifespan. Iurilli et al. [10] proposed a method for estimating the
State of Health (SoH) of lithium batteries based on electrochemical impedance, utilizing
the distribution of relaxation times to simulate the aging process over the entire lifecycle
of the battery. Gismero et al. [11] analyzed voltage variations during the charging and
discharging processes of lithium batteries, extracting key features from the incremental
curves to assess the battery’s SoH as a health factor. Equivalent circuit models simulate the
dynamic behavior of batteries, revealing the degradation of battery performance. Widely
applied models include the Rint model [12], RC network model [13], PNGV model [14],
Thevenin model [15], and nonlinear ECM model [16].

Data-driven methods utilize data collected from batteries to establish predictive mod-
els through machine learning algorithms. This approach does not rely on complex battery
modeling processes but instead predicts the future state of the battery by analyzing large
volumes of historical and real-time data. The charge and discharge datasets of batteries
exhibit distinct time-series characteristics, and scholars have preliminarily explored the
feasibility of using machine learning to predict the SoH of lithium batteries. Wang et al. [17]
used an adaptive attention Long Short-Term Memory (LSTM) network, using features
highly correlated with capacity as inputs, while integrating an online self-tuning mech-
anism to adjust the network’s weights and biases, thereby reducing the impact of local
fluctuations and enhancing prediction accuracy. Wickramaarachchi et al. [18] utilized deep
neural networks with memory features to predict the battery’s lifespan. Franzese et al. [19]
proposed a model for estimating the remaining capacity of LFP batteries based on artificial
neural networks (ANN). This study focused on the evaluation of the prediction perfor-
mance of ANN for LFP batteries, while the improvement of the prediction performance
for large battery datasets by multi-model integration received limited attention. Zhang
et al. [20] employed artificial neural networks in combination with an incremental capacity
model to assess both SoH and remaining useful life. Zhang et al. [21] applied a dynamic
time-series analysis method using LSTM to estimate battery SoH, enabling the network
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to utilize more labeled samples for training, thereby improving prediction accuracy and
robustness. Shibl et al. [22] employed the LSTM algorithm to evaluate the SoH of lithium
batteries and studied the necessity of detection in Battery Management Systems. Chemali
et al. [23] used deep neural networks to predict the battery State of Charge (SoC) under
multiple laboratory environments. Bello et al. [24] highlighted the application of ML for
Ni-Zn batteries.

Figure 1. Typical evaluation methods of SoC.

Mansouri et al. [25] compared the impact of four machine learning algorithms on the
SoC of lithium batteries, but found that the accuracy of these algorithms was relatively low,
making it difficult to provide reliable results for SoC estimation.

In summary, existing research has evaluated various estimation methods for the State
of Charge (SoC) of lithium batteries, but these methods mainly exhibit the following
drawbacks: (1) complexity of the evaluation models; (2) large estimation step sizes for SoC
and State of Health (SoH); (3) low prediction accuracy for SoC; and (4) poor generalization
ability of individual machine learning algorithms when predicting large datasets. Based
on these issues, the aim of this study is not to assess the accuracy of machine learning
models, but rather to propose a model enhancement technique based on Bayesian methods
and stacking for evaluating the health status of the battery and providing implementation
recommendations (Figure 2). Specifically, a dataset comprising battery physical parameters
(current, voltage, and ambient temperature) was constructed to predict SoC and evaluate
SoH. In this process, MLP, RF, and SVM were used as base models, while XGB was used
as the meta-model. BO was utilized to optimize the prediction performance of the base
and meta-models, and the accuracy of the proposed model was validated. Additionally,
the interpretable algorithm SHapley Additive Explanation (SHAP) was used to quantify
the influence patterns of different feature parameters. Finally, recommendations for the
applicability of battery health management were provided.
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Figure 2. The battery health state prediction framework proposed in this paper.

2. The Principle of Machine Learning Model
This section introduced the principles of the five ML algorithms and optimization algo-

rithm used in this paper (Figure 3) and the integrated model based on stacking constructed
in this paper.

2.1. Multi-Layer Perceptron

MLP simulates the information processing method of biological neural systems, where
signals are transmitted and processed through multiple layers of neurons to extract features
and learn patterns from input data [26,27]. The core idea of MLP is to train the network
using the error propagation algorithm, allowing the network to minimize the error between
the predicted and actual values by adjusting the weights and biases, thereby gradually
improving the accuracy of the model. MLP is capable of processing complex input data
through multiple layers of neurons and nonlinear activation functions, and it can learn the
mapping relationship between inputs and outputs using the backpropagation algorithm.
Through a proper training process, MLP can adapt to various complex tasks.

2.2. Support Vector Machine

SVM uses an optimal decision boundary in the feature space that ensures data points
are classified as accurately as possible. For binary classification problems, SVM constructs
a hyperplane to separate the two classes of data, aiming to maximize the margin between
the two classes. This approach of maximizing the margin enhances the model’s general-
ization ability and reduces errors on test data [28]. SVM is not only applicable to linearly
separable data but can also handle nonlinear classification problems through the use of
kernel functions. It has demonstrated exceptional performance in many machine learning
tasks, particularly in high-dimensional data and small sample data, where it exhibits strong
generalization ability [29].
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(a) MLP (b) SVM 

 
 

(c) RF (d) XGB 

 
(e) LSTM 

Figure 3. Flow chart of ML algorithms.

2.3. Random Forest

RF improves the predictive accuracy and generalization ability of a model by construct-
ing multiple decision trees and aggregating their results [28]. Random forest combines the
predictions of multiple decision trees using a “voting” mechanism for classification tasks
or an “averaging” mechanism for regression tasks, ultimately providing more accurate and
robust prediction outcomes. This algorithm is characterized by its strong resistance to data
noise and its ability to perform parallel processing, among other advantages.
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2.4. Extreme Gradient Boosting

XGB gradually reduces the prediction error by gradually constructing a decision tree
and optimizing the loss function. The training goal of each tree is to reduce the residuals of
the current model, and the new tree is added to the existing model through the addition
model, thereby gradually improving the performance of the overall model [29]. Compared
with the traditional boosting model, the algorithm has the advantages of regularization
terms, second derivative optimization, and column sampling.

2.5. Long Short-Term Memory

Long Short-Term Memory (LSTM) networks are a specialized form of recurrent neural
networks (RNNs) designed to overcome the limitations of traditional RNNs in modeling
long-range dependencies. The key innovation of LSTM lies in its cell structure, which intro-
duces a memory component capable of selectively retaining or discarding information over
time. At the core of each LSTM unit are three gates—the input gate, forget gate, and output
gate. These gates regulate the flow of information by applying sigmoid activations to decide
what proportion of data should be updated, erased, or passed forward. Meanwhile, the cell
state acts as a conveyor of long-term information, allowing gradients to propagate more
effectively and mitigating the vanishing gradient problem that hampers standard RNNs.

2.6. Bayesian Optimization

Bayesian optimization is a high-efficiency method for global hyperparameters search,
especially for the case where the objective function is expensive or unknown [30–32]. Unlike
traditional optimization algorithms, Bayesian optimization uses a probabilistic model to
describe the objective function. By gradually improving the optimal solution in the search
space, it does not need to completely analyze the objective function or rely on gradient
information. The basic process includes the following steps: (1) select the probability
model; (2) select the sampling point; (3) evaluate the optimized objective function and
update the surrogate model; and (4) determine whether the current target meets the
optimization conditions.

2.7. Ensemble Models Based on Stacking

Stacking is an ensemble learning model that constructs a more robust meta-model
by combining the prediction results of multiple base models [33]. The core idea of this
algorithm is to treat the outputs of multiple base models as new features, which are then
used to train a meta-model that ultimately generates the final prediction. In this study,
MLP, SVM, and RF were used as base models, while XGB was employed as the meta-model.
The inclusion of MLP enables the stacking model to handle continuous data predictions,
thereby addressing issues such as gradient plateaus in the XGB model within unknown
spaces and enhancing the model’s learning capability.

2.8. Evaluation of Model Performance

This study used coefficient of determination (R2), correlation coefficient (R), root mean
square error (RMSE), and standard deviation (SD) to evaluate the ML models:

R2 =
(di − dmean)( fi(x)− f (x)mean)√

∑n
i=1 (di − dmean)

2∑n
i=1( fi(x)− f (x)mean)

2
(1)

R =
∑n

i=1(di − ymean)( fi(x)− f (x)mean)√
∑n

i=1(di − dmean)
2
√

∑n
i=1( fi(x)− f (x)mean)

2
(2)
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RMSE =

√
1
n

n

∑
i=1

(di − fi(x))2 (3)

where di is the experimental value; dmean is the mean value of the experimental dataset;
f i(x) is the predicted value obtained by ML models; f (x)mean is the predicted mean value;
and n is the number of samples.

3. Indicator Definition and Database Description
3.1. The Definition of SoC and SoH

The SoC of the lithium battery is mainly through the ratio of the battery ‘s power (Q(t)
at time (t) to the total charging capacity (Qtot,t)):

SOC =
Q(t)
Qtot,t

(4)

In addition, SoH(t) is the ratio of the current charging capacity to the initial
charging capacity:

SOH(t) =
Qtot,t

Qtot,i
(5)

The SoH assessment of lithium-ion batteries is primarily analyzed through a four-class
classification, which provides the design information required for the BMS. With the charg-
ing and discharging cycles of the battery, such a classification of SoH is deemed reasonable:

SOH(t) =



Healthy, Qtot,t
Qtot,i

> 0.9

Critical 0.9 >
Qtot,t
Qtot,i

> 0.8

Faulty 0.8 >
Qtot,t
Qtot,i

> 0.7

Recycle Qtot,t
Qtot,i

< 0.7

(6)

When the capacity ratio is greater than 90%, the battery is in a healthy state. When
80% < capacity ratio < 90%, it is in a critical state. If 70% < capacity ratio < 80%, the battery
is in a state of failure. If the capacity ratio is less than 70%, the battery is considered to be in
a recycling state and needs to be replaced as soon as possible [34–36].

3.2. Database Description

Based on this, the dataset used in this study included 241,326 samples from the
Panasonic 18650PF battery [37–40], which used driving cycle charge and discharge test data.
The cyclic data of the battery is obtained by simulating the battery’s wear-and-tear behavior
during the use of an electric vehicle through multiple cycles of charging and discharging
processes. Each record consists of 5 variables, with 3 input variables and 2 output variables.
The independent variables in the dataset are voltage, current, and temperature, while the
dependent variables are SoC and SoH. Therefore, the machine learning model predicts
the value of SoC and the category of SoH by analyzing the variations in voltage, current,
and temperature. Specifically, the values and distributions of the variables in the dataset
are as follows: (1) Voltage: Numerical type with units in Volts, ranging from 2.49 to 4.20;
(2) Current: Numerical type with units in Amperes, ranging from 0 to 11.62; (3) Temperature:
Numerical type with units in Celsius, ranging from −20 to 25; (4) SoC: Numerical type
without units, ranging from 0 to 1. Figure 4 illustrates the distribution histograms of the
input variables in the dataset. It can be observed that the majority of voltage values are
concentrated between 3 and 4.5, current values are concentrated between 0 and 4 A, and
temperature values are sparsely distributed between −20 and 20.
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(a) Voltage (b) Current 

 

 

(c) Temp (d) SoC 

Figure 4. Distribution of datasets.

In addition, Figure 5 analyzed the correlation degree of the dataset. It should be noted
that the data correlation only analyzes the linear correlation between different variables, and
the specific logical relationship needs to be further analyzed by an interpretable algorithm.
It can be found that SoC is highly correlated with current, and is related to voltage and
temperature, which is consistent with the existing logic, but the correlation with voltage
is because SoC may have a certain nonlinear relationship with voltage. This can also be
confirmed by observing the correlation between voltage and current.

Figure 5. Correlation analysis of dataset variables.
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4. Results Analysis and Discussion
4.1. Results Discussion

The key to predicting the SoC and SoH of lithium batteries is to predict the variation
in the charging capacity of the battery with the charging and discharging cycles. Therefore,
in order to improve the evaluation accuracy of SoC and SoH, this section will explore the
feasibility of the enhanced machine learning model for battery health status evaluation.
Firstly, Bayesian optimized MLP, SVM, and RF are used as the base model, and Bayesian
optimized XGB is used as the meta-model. Then, stacking is used to combine the base
model and the meta-model to construct an enhanced prediction model. This model is
used to predict the SoC change in the battery, which is a typical regression problem. After
the SoC is predicted by the enhanced model, the SoH of the battery is evaluated by the
enhanced model, which is a classification problem. It should be noted that the advantage
of using the XGB model as the meta-model in this paper is that the model also has excellent
classification ability. For the 4-classification problem, the model can effectively identify
the data rules to give accurate evaluation results. To ensure the improvement effect of the
prediction performance of the stacking model proposed in this paper, we also compared
the prediction performance of the LSTM model optimized by Bayesian optimization. The
parameter settings and optimization ranges of LSTM are shown in Table 1.

Table 1. The optimal hyperparameters of the ML models.

Model Parameters Range Optimal Value

MLP
Alpha [1 × 10−5, 0.1] 2.415 × 10−3

Hidden_layer_size [0, 200] 147

RF

Max_depth [1, 100] 45
Min_samples_leaf [1, 10] 2
Min_sample_split [2, 10] 2
N_estimators [0, 200] 162

SVM
C [1 × 10−5, 1 × 105] 101.37
Epsilon [1 × 10−1, 10] 2.54

XGB

Colsample_bytree [0.1, 1.0] 0.47
Gamma [0, 4] 1
Max_depth [2, 20] 3
N_estimators [0, 1000] 400
Subsample [0, 1.0] 1.0

LSTM

Hidden Units [32, 512] 128
Number of Layers [1, 10] 5
Batch Size [16, 128] 64
Learning Rate [1 × 10−4, 1 × 10−2] 0.001

In this paper, we used the device with RTX4080 and i9-13900K, and the scikit-learn,
Bayesian and xgboost library are used in this paper for model optimization and prediction.
Furthermore, we designed the number of Bayesian optimization iterations to be 120 to
ensure that the Bayesian model can find relatively optimal model parameters. During
the training process, 5-fold cross-validation was used to ensure the generalization ability
of the model and avoid the overfitting or underfitting problems caused by the dataset
splitting ratio. Table 1 analyzed the optimal parameter range and optimal hyperparameters
of different models obtained by Bayesian optimization. It can be found that Bayesian
optimization determines the optimal hyperparameters of the four machine learning models
respectively. When the model adopts the optimal hyperparameters, it can ensure that
the ML model has better generalization performance. It should be noted that Bayesian
optimization is based on historical iteration information for parameter optimization, so
within a certain number of iterations, Bayesian optimization will find a relatively optimal
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(local optimal) parameter set. It should be noted that all models are trained on the same
dataset, and the completely consistent training/testing sample division ratio and the same
random seed (or fixed division) are adopted to ensure that R2 and RMSE are calculated on
the same test set for all models.

Figure 6 analyzed the prediction performance of four ML models under the optimal
hyperparameters obtained by BO. It can be found that the machine learning model used in
this paper can predict the health status of the battery. Table 2 analyzed the specific prediction
performance evaluation results of four ML models. The prediction performance of ML
models is ranked as follows: XGB > RF > MLP > SVM, and R2 was 0.93 > 0.90 > 0.82 > 0.80,
respectively. R were 0.96 > 0.95 > 0.90 > 0.89 and RMSE were 0.14 < 0.16 < 0.41 < 0.42.
This is because the battery health data used in this paper are mainly time series data. XGB
model and RF have strong data interpolation ability, so they have stronger ability to analyze
periodic data, and MLP is more suitable for predicting continuous non-temporal data. In
addition, SVM is more suitable for problems such as binary classification, so XGB has better
prediction performance.

  

(a) MLP (b) RF 

 

 

(c) SVM (d) XGB 

Figure 6. Prediction results of ML models.

https://doi.org/10.3390/batteries12020062

https://doi.org/10.3390/batteries12020062


Batteries 2026, 12, 62 11 of 16

Table 2. The predictive performance of ML models based on multi-indexes.

Models R2 R RMSE

MLP 0.82 0.90 0.41
RF 0.90 0.95 0.16

SVM 0.80 0.89 0.42
XGB 0.93 0.96 0.14

Stacking 0.98 0.99 0.05
LSTM 0.95 0.97 0.11

Based on this, this section used the above three models as the base model, and XGB as
the meta-model to construct the stacking model. Figure 7 analyzed the prediction results
obtained by using the stacking proposed in this paper. Figure 7a analyzed the prediction
results of the stacking model under partial charge and discharge. It can be found that after
two long charge and discharge processes, the SoC of the battery undergoes multiple cyclic
charge and discharge processes, and the model proposed in this paper effectively predicts
the change in this process. In addition, Figure 7b analyzed the comparison between the
predicted value and the experimental value obtained by the model proposed in this paper.
It can be found that the stacking model proposed in this paper has better accuracy than the
four ML models after Bayesian optimization. Compared with the XGB model with the best
prediction performance, the stacking model proposed in this paper can improve R2, R, and
RMSE by 5.4%, 3.1%, and 64.3%, respectively. Because the advantages and disadvantages
of the four ML models are fully combined, the outliers basically disappear. This is because
MLP combined with XGB model can enhance the interpolation effect of continuous data
and individual point data. We also calculated the discrete points count for stacking models
and XGB model to valid the performance improvement of the proposed models. Compared
with XGB models, the discrete points of stacking model decrease up to 89.4%. It should
be noted that discrete points are defined as points where the error between the predicted
value and the experimental value exceeds 10%, which ensures that the model has a certain
generalization ability for the dataset. Although the LSTM model has better prediction
performance than other ML models, the R2, R, and RMSE of the stacking model proposed
in this paper are still improved by 3.2%, 2.1%, and 54.5%, respectively.

  
(a) Prediction cycle curve (b) Predicted value 

0.0 0.5 1.0

0.0

0.5

1.0

Ex
p

Pre

R2=0.99,
R=0.99
RMSE=0.04

Figure 7. Prediction results using stacking model.

Based on this, the trained stacking model was used to calculate the relationship
between SoH and SoC, and then the SoH of the battery was evaluated. Specifically, substi-
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tuting the SoC prediction results obtained by stacking into Equations (4) and (5) can achieve
the classification state assessment of SoH. Therefore, the same stacking model structure and
parameters as those used for SoC prediction are adopted for the classification of SoH. It
can be seen that the health status of the battery remains mainly in the Healthy and Recycle
stages during charging and discharging (Figure 8). This is because the state of the battery is
in constant use—discharging and charging to improve battery life. The model proposed in
this paper can effectively predict the change process of SoH.

 
Figure 8. SoH evaluation results obtained by stacking model.

4.2. Feature Importance Analysis

Machine learning is often considered to have low interpretability due to the black-
box problem, which limits its ability to effectively guide the physical design in practical
engineering. Existing interpretability algorithms include SHAP, Local Interpretable Model-
Agnostic Explanations [41], and others. Among these, SHAP is an interpretability algorithm
based on game theory, with the core concept being the analysis of each input variable’s
contribution to the prediction outcome. The algorithm aggregates the contributions of all
input variables to generate the final prediction result. SHAP introduces Shapley values
to measure the contribution of each input variable to the model. The advantages of this
method include: (1) Good local fidelity: The prediction obtained from the ML model is
the same as the prediction obtained from the interpretable ML model; (2) The model is
not affected by missing values. If a single sample has missing values, the SHAP value
for that sample will be zero; (3) The interpretable ML model exhibits continuity. If the
contribution of an input variable to the output increases, the SHAP value of that variable
will also increase.

Figure 9 analyzed the influence of battery input variables and SoC obtained by SHAP
method. The x-axis is the predicted SHAP value corresponding to each data sample,
while the Y-axis represents the input variable; the color bar on the right side of the Y-axis
corresponds to the change in SHAP value. It can be found that the current is positively
correlated with the SoC, which is because the SoC of the battery increases during charging.
During the discharge process, the voltage is negatively correlated with the SoC, and the
voltage is positively correlated with the SoC. Temperature is negatively correlated with
SoC in a certain stage, and positively correlated to a certain extent, which mainly depends
on the change in current and voltage. It should be noted that this paper uses the integrated
model constructed in Section 4.1 as the prediction model of SHAP.
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Figure 9. Interpretability analysis of battery health status analysis based on SHAP.

4.3. Feasibility Analysis

The BMS of UAV runs usually on embedded hardware (MCU or low-power proces-
sors) with limited computing power. It is necessary to ensure that the model can still
perform fast inference in a low-power environment. If the lightweight stacking proposed
in this paper is used, the prediction time can be controlled within <10 ms, meeting the
real-time requirement. In addition, UAV missions have extremely high requirements for
safety. The advantage of the stacking model lies in integrating multiple learners to im-
prove prediction stability and noise resistance. This is more suitable for dealing with the
nonlinear degradation of battery performance and complex environmental changes than a
single model.

5. Future Improvement
Building upon the machine learning prediction model proposed in this study, the

prediction results of this model can be applied to the actual operation and maintenance
(O&M) of facilities such as drones and autonomous vehicles. A simple case of real-time
monitoring for drone battery O&M is provided here: the ML model is trained and constantly
updated using a cloud server, with a controller employed to monitor the battery status of
drones or autonomous vehicles. Sensors are used to take readings from the drone battery
to minimize reading errors. This information can be encapsulated into a visualization web
page, where users can access battery temperature, detect whether the battery has any faults,
and receive recommendations regarding the health status of the drone’s battery. In addition,
more advanced machine learning algorithms can be used to assess the State of Charge
(SoC) and State of Health (SoH) of the battery. The model proposed in this study can also
be trained and tested using other battery datasets. By changing the feature variables of the
dataset and inputting them into the ML model and then adjusting the number of Bayesian
optimizations and the parameter optimization range of the ML model, the generalization
ability of the new dataset on the model can be ensured. In addition, the model proposed in
this paper can be used to consider the influence of different temperatures on the State of
Health of the battery. By collecting relevant datasets and inputting the dataset containing
temperature into the model, the State of Health of the battery can be evaluated.

6. Conclusions
This paper proposed a stacking-based framework for drone battery health assessment

and prediction, specifically focusing on the prediction and evaluation of both SoC and SoH
to improve the service life assessment and monitoring of drone batteries. A drone cycle
charge and discharge dataset containing 241,326 samples, with three input variables and
two output variables, was utilized in this study. The Pearson correlation coefficient was
used to analyze the relationships between the dataset variables. Subsequently, Bayesian
optimization was employed to fine-tune the hyperparameters of the MLP, SVM, RF, and
XGB models. The optimized machine learning models exhibited the following prediction
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performance ranking: XGB > RF > MLP > SVM, with XGB demonstrating the best perfor-
mance, achieving an R2 of 0.93 and an RMSE of 0.14. Based on this, an ensemble model
using stacking was constructed, considering MLP, SVM, and RF as base models and XGB as
the meta-model. The prediction performance of this model was improved by 89.4%, leading
to the classification assessment of the battery’s SoH. SHAP was employed to quantify the
influence of the three input variables on the SoC, revealing a positive correlation between
SoC and current. Finally, a drone battery intelligent health assessment framework was
proposed, integrating a cloud server, the stacking model, and a visualization web page.
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